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Executive Summary

Secure and reliable information exchange is essential in military communi-
cation systems. However, even in a spread spectrum (SS) system, commu-
nications can be compromised when the total channel interference power
becomes large with respect to that of the desired signal. To improve sys-
tem performance, one technique that has received considerable attention is
robust locally optimum (LO) detection in which statistical methods are used
to estimate the detector nonlinearity. This report represents the culmination
of a study concerning enhancement methods for these types of detectors.

After a brief introduction to the concept of robust LO signal detection,
two specific detectors are reviewed, namely, the histogram indirect implemen-
tation and the Fourier series approzimation (FSA) direct implementation.
Given this background, three LO detector enhancement techniques are de-
rived and examined: the least squares (LS), the characteristic function (CF),
and the preamble enhancement methods. Based on simulation analyses of
various robust LO detector and enhancement combinations, the enhanced LO
detectors are shown to provide, in most cases, significantly lower probability
of bit error (P,) than the corresponding large jammer-to-signal ratio (J/S)
implementation. Moreover, the preamble technique is observed to be immune
to the limitations associated with the LS and CF enhancement methods, at
the expense of an increase in bandwidth overhead. Finally, a summary and
discussion concerning the evolution of this research topic are provided at the
conclusion of the report.




Chapter 1

Introduction

Secure and reliable information exchange is essential in military communica-
tion systems. However, even in a spread spectrum (SS) system, communica-
tions can be compromised when the total channel interference power becomes
large with respect to that of the desired signal. Furthermore, if the channel
interference is non-Gaussian, standard linear receiver techniques may exhibit
performance degradations since they may no longer be optimal for the given
noise environment. In these situations a nonlinear receiver can be used to
achieve acceptable and reliable communications. '

One method for improving system performance that has received consid-
erable attention, particularly for applications in high jammer-to-signal ratio
(J/S) environments, is locally optimum (LO) detection [1]-[4]. In its original
form, the LO detector utilizes a nonlinearity derived as an approximation to
the optimum mazimum likelthood (ML) detector. In many scenarios, the LO
detector is simpler to implement than the corresponding ML detector, and
its performance asymptotically approaches that of the ML detector as the
signal becomes small relative to the interference.

One drawback to the original form of the LO detector is that, similar
to the ML detector, it requires a priori knowledge of the noise probability
density function (pdf) to implement the detector nonlinearity. Recent efforts
have concentrated on the development of robust LO detectors that do not
require prior knowledge of the interference statistics [5]-{10]. Instead, these
detectors attempt to construct estimates of the interference statistics from
the available observations. In standard robust LO detection, the required
detector is implemented using the received signal samples to estimate the




interference pdf and/or the LO nonlinearity. However, previous work sug-
gests that even in large J/S environments, the noise samples cannot always
be adequately approximated by the received signal samples. Thus, the goal
of this research effort is to identify and develop techniques that will enhance
the effectiveness of the various LO detector algorithms, particularly where
performance degradation has been observed.

The organization of this report is as follows. First, the theoretical LO
detector for independent noise and the concept of robust LO detection are
introduced in Chapter 2. Additionally, this chapter reviews two types of LO
detectors: the histogram indirect implementation method and the Fourier
series approzimation (FSA) direct implementation method. Next, Chapter 3
describes three robust LO detector enhancement techniques in detail. In
Chapter 4, performance results for the various robust LO detector and en-
hancement combinations are presented and compared. Finally, a summary of
the research study is provided in Chapter 5, including a discussion concerning
the projected evolution of this research topic.

10




Chapter 2

Robust LO Detection

Due to the complexity of the various enhancement algorithms examined, this
study focuses on binary detection of real, discrete signals in additive noise. In
binary signal detection the goal is to decide which of two possible information
signals is present at the detector. For example, in a binary phased shift keyed
(BPSK) communications system [11], the receiver must decide whether a
value of +1 or —1 was sent by the transmitter. Stated more formally, the
goal of the detector is to correctly choose one of the following two hypotheses:

H, : Signal s; present (2.1)
H, : Signal s, present,
where s; and s, are vectors and the notation x = [z;---zy|? denotes a
vector of length N. The value of N is the number of signal samples in a

given observation period.
Let the received random signal vector, r, be given by

r=s,+n, (2.2)

where n is the random noise vector, and m = 0 or 1. If p is the actual real-
ization of r, and the noise samples are independent and identically distributed
(iid), then it can be shown [12] that the corresponding LO detector is given

by
choose H,

1(p) = Yo (o1 = 500)3(p) g 5, (2.3)

choose Hy

11




where (e

A Pi

g(p:) [fa(p:)] = AR

and fn(-) is the noise pdf. The constant 4 is chosen depending on the type

of hypothesis test being used [13], e.g., mazimum likelihood (ML), mazi-

mum a posteriori (MAP), Neyman-Pearson (NP), or general Bayesian. For

example, for the case of ML detection of equally likely information signals,
¥ =0.

In the robust LO detection problem, the noise pdf, f,(-), is unknown.
As a result the LO nonlinearity, g(p;), must be estimated either directly or
indirectly. Indirect methods involve constructing an estimate of the noise
pdf, fn( ), and using the result to approximate g(p;) as

d

(2.4)

g(ps) = — [Falp)] (2.5)
" e
9(pi) = fn(Pi) . (2.6)

An example of an indirect method is the histogram implementation of the
robust LO detector [6]. Direct methods, on other hand, do not require an in-
termediate pdf estimate. Rather, g(-) is estimated directly from the observed
data. The direct Fourier series approzimation (FSA) robust LO detector [14]
is one such method.

Whether an indirect or direct method is employed, the underlying LO
nonlinearity is a function of the noise pdf. As a result, the various robust
LO detection algorithms initially assume that uncorrupted observations of
the noise samples are available for statistical estimation of the detector. How-
ever, in many practical applications the only signal available at the detector
is the received signal. Thus, the goal of this research effort is to identify
enhancement techniques that allow use of the available received signal for
detector estimation while still maintaining acceptable performance.

2.1 The Histogram Robust LO Detector

As mentioned previously, the histogram robust LO detector [6] utilizes an
indirect approximation of the LO nonlinearity given by Eq. (2.5). In this

12
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method, the available noise observations are assigned to one of K intervals,
and a sample probability is computed for each interval. The resulting his-
togram pdf estimate is then used to implement the robust LO nonlinearity.
More formally, given {7;} as the set of @ observed samples of the noise
random variable, n, the histogram pdf estimate is given by

fm = X B ). @)

k=0 hk+1 - hk

In Eq. (2.7), {ho, ..., hx} are the histogram breakpoints, { By = [hy, Prs1)}
are the histogram bins, P{By} is the relative frequency of each bin, i.e.,

. 1 2
P[By] = 0 ; Is,(n5), (2.8)

and I(y) is the set indicator function, defined as 1 for y € A, and 0 other-
wise.

Given the histogram estimate fn( -), the next step is to estimate the deriva-
tive of In] fn(p;)]. If it is assumed that the actual pdf, f,(p;), is continuous,
then the impulses that arise from differentiating Eq. (2.7) do not accurately
model diiln[ fa(p:)]. To remedy this dilemma another way of viewing the
histogram is utilized. One can think of the process of assigning samples to a
bin as a form of quantization. In other words, all p; in the range [hg, hry1)
are quantized to hx. Then, a three-point numerical approximation of the
derivative of In[f,(p;)] evaluated at h; is used, i.e.,

; In{fn(hiss)] = In[fr(he-
oo 0] e, 7 Pyl pl )
~  BIP(Brs)] - In[P(By_;)]
R TPy e (2.9)

_ Infhyys — hpyq]—Infhy — by, ]
hgyr —he—y )

If the bins have equal width, Eq. (2.9) reduces to

3‘1 L) o o Pt JalP {Bea}] (2.10)

13




where A is the width of a bin. Finally, assuming bins of equal width, the
value of the approximation in Eq. (2.10) is extended from Ay to all p; in the
range [hg, hrt1), yielding the histogram implementation of the memoryless
LO nonlinearity:

K-1

9u(pi) = ""2% > [nP{Beu1} — WP {Bi1}| In(p). (2.11)

k=0

As a result of the three-point approximation of the derivative, the expression
in Eq. (2.11) requires values for P{B_;} and P{Bg}, Wh1ch are outside
the support of the histogram pdf estimate. Instead, one can use a two-
point approximation of the derivative in the first and last histogram bins.

This modlﬁcatlon is equivalent to defining P{B_;} = PZ{BO}/P{Bl} and
P{Bx} = P*{Bx_.}/P{Bx_.}.

The estimation of a pdf using a histogram usually requires a large number
of samples [15]. Thus @, the total number of observed samples used to con-
struct the histogram, may be much larger than N, the number of samples in
each signal vector. To obtain the total number of required observed samples,
the value of @) should be chosen such that = C'N, where C is an integer
chosen to yield enough samples to construct and accurate histogram. The
C vectors can be stored and all the available samples used to compute the
histogram. Detection can then be performed on each data vector using the
resulting histogram to compute the approximate nonlinearity of Eq. (2.11).

2.2 The Direct FSA Robust LO Detector

Given a few simplifying assumptions, methods can be derived to directly
approximate the LO nonlinearity of Eq. (2.4). One such method yields the
direct FSA robust LO detector [14]. To derive this detector, let {n;} as the
set of () observed samples of the noise random variable, n. Furthermore,
assume that f,(7n) is even symmetric and has finite support with endpoints
given by maz and Mmin = —Nmaz- Lhen, the resulting FSA implementation
of the robust LO nonlinearity has the form [14]

P
A-F‘(p"-) = Z bk Sin(kwc}p") I(ﬂmin,"lmaz)(pi)7 (2'12)
k=1

14




where Toé(nmax — Tmin), woé27r/To, and p is the FSA order. The coeffi-
cients b = [b; ... b,]T are determined by minimizing the mean squared error
between g(p;) and gr(p;), written as '

J = B{lg(r) = g} o = T [op) = ar (o)) Fulp) dp

2 (2.13)
= ole) = X b sin(kwop)| fn(p)dp.

After some manipulation, it can be shown that the FSA coefficients are given

by [14]

b = 2w, T, (2.14)

where ¢ [Ba(un) 28n(20) .. po(pun)” (213

. R A
%ﬁ(?i)sﬂo] e 1 $,(2pw0) |

In Eq. (2.15) and Eq. (2.16), ®,(w) = E{cos(wn)} is the characteristic func-
tion (CF) of f,(-), and ®,(kwo) is an estimate of ®,(kwo), given by

) Q
®,(kwo) = —%Zcos(kwom). (2.17)

=1

With a slight modification, the FSA nonlinearity of Eq. (2.12) can be
used for the case when f,(7) has infinite support, as in the case of the Gaus-
sian and Cauchy pdfs. In these instances 7mqr can be chosen as Nmar =
C max(| pmaz |, | Pmin |), Where pmaz and pmin are the maximum and mini-
mum observations of the received signal, and C' > 1 is a constant. The result
will be a truncated estimate of the actual unbounded LO nonlinearity, and

15




in most cases will provide a suitable approximation given that the range of
observed signal values is bounded.
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Chapter 3

Enhancement Techniques

The robust LO detector algorithms described in Chapter 2 require observa-
tions, {7;}, of the random noise variable, n. However, in most applications
of interest, uncorrupted noise samples are not available at the detector. For
low signal-to-noise ratio SNR environments, one method for removing this
requirement is to use a small signal assumption, or an equivalent high J/S
assumption. Thus, typical robust LO detectors use the received signal sam-
ples to estimate the noise pdf, from which the required nonlinearity is formed.
However, previous work by Ucci et al. [12], and the additional results pro-
vided in the next chapter, suggest that the large interference assumption that
the noise samples can be approximated by the received signal samples (or
that the noise pdf can be approximated by the received signal pdf) is not al-
ways sufficient, even in large J/S environments. Thus, this chapter presents
three potential robust detector enhancement techniques for improving the ef-
fectiveness of the various detector algorithms for the case of binary detection
of real signals. As will be seen, these methods focus on obtaining an estimate
of the noise pdf or characteristic function (CF) from an initial estimate of the
received signal pdf or CF, along with knowledge of the information signal.
Supporting examples are provided where applicable.

3.1 The Least Squares Method

The least squares (LS) enhancement technique focuses on obtaining an es-
timate of the noise pdf from an initial estimate of the received signal pdf,

17




along with knowledge of the information signal. Since the various pdfs will
ultimately be processed in a computer (or some digital processor), the LS
technique operates on “discrete” versions of the original continuous pdfs, pos-
sibly obtained by sampling at regular intervals. This assumption allows the
use of well-known digital signal processing (DSP) techniques. Specifically, let
fr[k] = felkr, ..., kn] = fe(kiTh, ..., knTy) denote the “discrete” version
of the N-dimensional received signal pdf, where N is the number of signal
samples in a given symbol period and {T;} are the “sampling” periods for
each dimension. Similarly, let fs[k] and fu[k] be the “discrete” versions of
the information signal and noise pdfs, respectively. Then, assuming that the
information signal and noise are independent,

Jrlk] = f[K] * fnlK]. (3.1)

For the LS enhancement technique, the goal is to find a finite length, stable
inverse filter, denoted as h[k], such that

hk] * fr[k] = fulk], (3.2)

or equivalently,

hlk] * fslk] =~ 6[k], (3.3)

where (k] is the multivariate discrete impulse function. To find such a filter,
consider the least squares filtering problem shown in Fig. 3.1. In the case at
hand the input signal is fsk], and the desired output signal is d[k] = §[k].
The error at the output of the least squares filter is

elk] = d[k] — 3 Afi] fa[k — ] (3-4)

where the range of summation depends on the length of the filter. The
solution for A is found by minimizing the squared error

J =Y ek, (3.5)
k
yielding the normal equations

5> Al — i = glil, (36)
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where r[m]é Sk folk] fs[k + m] is the autocorrelation sequence of fs[k],

qlil = Sk dk] fs[k — j], and j varies over the same range as i. Since dk] =
61k}, g[j] becomes

glil = fs[-il, (3.7)
resulting in the normal equations for the pdf deconvolution problem:
> hfilr[ —i] = fs[-i]. (3.8)
i
dfk]
£k d[k] elk]

—> Ak

Figure 3.1: A typical least squares filtering problem.

3.1.1 The LS Enhanced BPSK LO Detector for Inde-
pendent Noise

This research effort focuses on the straightforward problem of detecting a
BPSK signal in iid additive noise. Let the “discrete” amplitude of the BPSK
signal be a constant value, a. Since the noise is iid, the detector algorithms
are based on the marginal pdf of the noise. The corresponding marginal pdf
of the information signal has the form

FIR = 3 61k + o] + 8[6 — ) (3.9)

For a two-sided filter having total length 2L — 1, the LS filter, h, is the
solution to the normal equations in Eq. (3.8), which in this case are

‘2 hlilr(s — 4] = gls], (3.10)

i:—(L—l)
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where rim] = X; f,k]f,[k +m], and g[j] = ¥, dk]felk — 7] = f.[—7]. From
Eq. (3.9), it can be shown that r[m] is given by

r[m] = —i5[m + 2a] + %5[m] + 21-5[77’), — 2a].

(3.11)

Writing Eq. (3.10) in matrix form, A is found as the solution to the equation

Rh =g
where
2a-3
1/2 0 T2 0 1/4 0
0 R
R = 0
1/4
0
0 0 1/4 0
[ h(=L +1) ]
h(—L +2)
h =
h(L —2)
[ A(L—-1) |

2(L—a)-4

0
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(3.12)

(3.13)

(3.14)




and

0

} 203

0
1/2
g=1| 0}z |. (3.15)
1/2
0

} 2L-3

0

3.1.2 Sample Operation

A simulation was developed using the software package Matlab™ by The
MathWorks, Inc. to examine the LS enhanced robust LO detector in a
direct sequence (DS) spread spectrum (SS) system. The resulting simulation
algorithm can be divided into the following steps:

1.

The transmitted and noise signals are constructed, then added together
to form the received signal.

The received signal is soft-limited or noise-blanked to eliminate the
large interference amplitudes, facilitating histogram construction.

A K-bin histogram of the modified received signal is constructed, with
the number of bins specified by the user. The number of bins must be
odd so that the histogram is centered about zero.

The amplitude of the BPSK signal, a, is assigned to a histogram bin.
This bin index, k,, determines the filter extension factor (see Step 6).

The LS inverse filter, hq, is determined for the case when k, = 1.

This filter is eztended by inserting (k, — 1) zeros between each of the
original filter coefficients. The resulting filter is the LS inverse filter,
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he, for the general case where the transmitted signal amplitude falls
into the k* bin.!

7. The received signal histogram is convolved with A, to yield the estimate
of the noise pdf, f,. The estimate is truncated to length K — 2k,.

8. The LO nonlinearity, §, is estimated from fn.
9. Finally, g is used to decode the received data.

An example of the operation of the LS enhanced detector in Cauchy
noise is shown in Fig. 3.2 to Fig. 3.8. Figure 3.2 illustrates a received signal
histogram for the case when the number of bins is K = 99 and E./o = 8dB,
where E_./o is the ratio of the chip energy to the Cauchy scale parameter.
Two noise histograms, one estimated using actual noise samples, and the
other an LS enhanced estimate using the received signal samples, are given
in Fig. 3.3 and Fig. 3.4, respectively. As can be seen, the deconvolution
operation yields a good approximation in the center of the pdf, but produces
artifacts in the tails. Next, the LO nonlinearities constructed from these two
noise histograms are shown in Fig. 3.5 to Fig. 3.7. The two nonlinearities are

approximately equal in the region centered about zero, but the LS enhanced -

version has larger error in the tail regions, a result of the tail artifacts in
the pdf estimate. However, if the majority of received signal samples lie in
the region where the two approximations are similar (see Fig. 3.2), i.e., if
the bin index k, is an accurate representation of the signal amplitude, a,
thus causing & to be a good model of the true inverse filter, then these tail
errors cause only minimal performance degradation in many situations (see
Section 4.1.1). Finally, the LS deconvolution filter derived using the method
discussed in Section 3.1.1 and Section 3.1.2, and used to implement the LS

1This reduced computation method for determining 4, can be understood by examining
the following interpolation problem. Consider the case when the BPSK amplitude is such
that k, = 1. Using Eq. (3.9), let f,[k] = 1(8[k+ 1]+ 8k — 1])2f1[k]. Let hy be the
LS inverse filter for fi[k], and the resulting mean squared error (MSE) be J;. Next,
consider the case when the BPSK amplitude is such that it falls into the k%" bin, and let
filk] = 1 (8[k + ko] + 6[k — ko)) 2 falk]. The function f,[k] can be constructed from f;[k]
by interpolating fi[k] by a factor of k,, i.e., inserting (k, — 1) zeros between each sample of
fi1[k]. Thus, if the LS inverse filter for f,[k], denoted as k., is constructed by interpolating
h, by a factor of kg, the resulting MSE is J, = J;, the minimum.
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technique for this example, is provided in Fig. 3.8. For a more detailed
performance analysis of the LS enhancement method, see Chapter 4 of this
report.

Histogram estimate of the received signal pdf - Equispaced bins
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Figure 3.2: Histogram estimate of the received signal pdf, K =99, T' = 200,
E./oc = 8dB. .

3.2 The Characteristic Function Method

The CF enhancement technique also focuses on obtaining an estimate of the
noise pdf from an initial estimate of the received signal pdf. Additionally,
an estimate of the CF of the noise can be obtained from an initial estimate
of the CF of the received signal, which can be used to enhance direct LO
implementation methods, such as the direct FSA algorithm. The CF method
is developed as follows. As in Section 3.1, let fi[k], fs[k] and fu[k] denote
the discrete versions of the received signal, information signal and noise pdfs,
respectively. Then, as before, fi[k] is related to fs[k] and fa[k] by the con-
volution operation described by Eq. (3.1).

23




Histogram estimate of the noise pdf - Equispaced bins
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Figure 3.3: Histogram estimate of the noise pdf, K = 99, T = 200, E. /o =
8dB.
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Figure 3.4: LS enhanced histogram estimate of the noise signal pdf, K = 99,
T =200, E./c =8dB, L = 50.
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Histogram estimate of the LO nonlinearity - Noise samples
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Figure 3.5: Histogram estimate of the LO nonlinearity using noise samples,
K =99, T =200, E./oc =8dB.

Histogram estimate of the LO nonlinearity - LS deconvolution
T T T T T

S
T

N
T

Al ]

Estimated LO nonlinearity
r =)

i

'
ES
T

.
=2
T

R A 1 1 L I
-30 -20 -10 0 10 20 30
Received signal value

Figure 3.6: LS enhanced histogram estimate of the LO nonlinearity, K = 99,
T = 200, E./oc = 8dB, L = 50.
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Histogram estimate of the LO nonlinearity - Comparison
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Figure 3.7: Comparison of the two LO nonlinearity estimates, K = 99,

T =200, E./oc = 8dB, L = 50. Legend: — LS enhancement, .... Estimate
using noise samples
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Least squares inverse filter for LS enhancement technique
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Figure 3.8: The LS deconvolution filter, K = 99, T = 200, E./c = 8dB,
L = 50.

Recall that the CF of f;[k], denoted as ®,(w), is given by [16]
®,(w) = F(e) = 3 filk] - /W0 (3.16)
k
where F,(e’“) is the N-dimensional Fourier transform (FT) of fr[k]. Sub-
stituting Eq. (3.1) into Eq. (3.16), Fr(e’“) may be written as [16]
F, (") = F,(e")F,(e") (3.17)

where F,(e’) is the FT of fs[k], and F,(e?) is the FT of fu[k]. As can
be seen, given knowledge of F,(e/“), an estimate of F,(e’“), and using
Eq. (3.17), the noise FT may be estimated as

Fo(e®) = ig“’; , (3.18)

Thus, the goal of the CF enhancement technique is to approximate the CF (or
FT) of the noise pdf, and in the case of indirect LO detector implementation,
invert the result to obtain an accurate estimate of the pdf.
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3.2.1 The CF Enhanced BPSK LO Detector for In-
dependent Noise

For the case of a BPSK system in iid noise with information signal amplitude
a, the information signal pdf is given by Eq. (3.9). Using Eq. (3.16), it can
be shown that the FT of the transmitted signal pdf is

F,(e™) = cos(wa). (3.19)

Thus, given an estimate of the FT of the received signal pdf, the resulting
expression for Fy,(e’*) is

(e = ﬁs((i‘;)). (3.20)

Note that it is possible that | F,(e?) |- co when wa equals (2: + 1) /2 for
any integer . Therefore, this method may prove unstable in practice, and
further modifications may be required.

3.2.2 Sample Operation

A simulation of the CF enhanced histogram LO detector for BPSK signals in
iid additive noise was developed using the Matlab™ software package. The
simulation algorithm can be divided into the following steps:

1. The transmitted and noise signals are constructed, then added together
to form the received signal.

2. The received signal is soft-limited or noise-blanked to eliminate the
large interference amplitudes, facilitating histogram construction.

3. A K-bin histogram of the modified received signal is constructed, with
the number of bins specified by the user. The number of bins must be
odd so that the histogram is centered about zero.

4. The amplitude of the BPSK signal, a, is assigned to a histogram bin,
kq.

5. The discrete FT (DFT) of the received signal histogram is computed.
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6. An estimate of the DFT of the noise histogram is constructed using the
expression in Eq. (3.20), with a replaced by k,A, where A is the bin
width of the received signal histogram.

7. The DFT of the noise histogram is inverted to yield an estimate of the
noise pdf, f,. The estimate is truncated to length K — 2k,.

8. The LO nonlinearity, g, is estimated from fn.

9. Finally, § is used to decode the received data.

Figure 3.9 through Fig. 3.15 illustrate a sample operation of the CF en-
hanced histogram robust LO detector in Cauchy noise. In particular, the
resulting estimates of the noise CF, noise pdf, and LO nonlinearity are pro-
vided for the case of K =33, T' = 50, and E./oc = —1dB. Figure 3.9 depicts
a typical histogram estimate of the received signal pdf for this scenario. Two
noise histograms, one estimated using uncorrupted noise samples, and the
other estimated using the received signal samples in conjunction with the
CF technique, are depicted in Fig. 3.10 and Fig. 3.11. Similar to the LS
enhancement case, the CF technique provides a good estimate in the center
region of the noise pdf, gut yields artifacts in the tail regions. The robust LO
nonlinearities corresponding to these pdf estimates are shown in Fig. 3.12 to
Fig. 3.14. By comparing the two nonlinearities, as in Fig. 3.14, it is read-
ily evident that the CF technique produces a nonlinearity that is similar
to the desired one in the region about zero, but has artifacts in the tail re-
gions resulting from the artifacts in the noise pdf estimate. For completeness,
Fig. 3.15 shows the DFT of the noise histogram estimated using the CF tech-
nique. In this figure, the solid line represents the estimated DFT, and the
dotted line represents the theoretical DFT obtained given knowledge of the
mathematical expression for the noise pdf. As can be seen, the CF technique
yields a relatively good estimate of the true DFT, with the largest error asso-
ciated with those bins nearest the BPSK signal amplitude. See Chapter 4 for
further investigation of the performance of the CF enhancement technique.

3.3 The Preamble Method

One limitation of the LS enhancement technique is that it yields an estimate
of the noise pdf, and not estimates of the actual noise samples. Thus, this
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Figure 3.9: Histogram estimate of the received signal pdf, K = 33, T' = 50,
E./c = —-1dB.
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Figure 3.10: Histogram estimate of the noise pdf, K = 33, T = 50, E /o =
—1dB.
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Histogram estimats of the noise pdf - CF enhancement
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Figure 3.11: CF enhanced histogram estimate of the noise signal pdf, K = 33,
T =50, E./o = —1dB.
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Figure 3.13: CF enhanced histogram estimate of the LO nonlinearity, K =
33, T =50, E./c =—1dB.

method is primarily suited to indirect methods of robust LO detector imple-
mentation, and is not readily applicable to direct implementation methods.
Also, the CF enhancement technique, while applicable to both indirect and
direct methods (e.g., the direct FSA method [14]), suffers from limitations
associated with estimating the information signal’s amplitude and the CF of
the received signal pdf (see Chapter 4 of this report).

This section presents the preamble enhancement technique, a method
that may be applied to direct and indirect LO detector implementation algo-
rithms. In particular, this method yields an estimate of the CF of the noise
pdf that does not require intermediate estimates of the information signal
amplitude and CF of the received signal pdf. Thus, the preamble technique
does not possess many of the limitations inherent to the CF and LS methods.

To begin, consider a known training sequence of the form

s = [s1,82,...,80)7 =[1,-1,1,—1,...]. (3.21)
Let the received signal at the input to the detector be given by
ry=0s;+n;,1=1,...,@Q, (322)
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Estimated DFT for the histogram estimate of the noise pdf - CF technique
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Figure 3.15: Estimate of the histogram DFT using the CF technique, K = 33,
T =50, E./c = —1dB. Legend: — CF enhancement, .... Theoretical

where n; represents the iid noise samples and 6 is the unknown signal am-
plitude. Given that the s; are known (during training), one would like to
subtract the information signal component from Eq. (3.22) to yield an uncor-
rupted noise sample. However, this operation cannot be performed directly
since in many cases the amplitude of the information signal is unknown at
the detector.

To derive the preamble technique, assume the following: 1) 8 is relatively
constant over an extended period of time (slow fading); 2) the noise samples
are iid with an even symmetric pdf, f,(z); and 3) perfect synchronization
is achieved prior to training. Then, given these assumptions, consider the
sequences V = [v1, V2, ...,vq,] and W = [wy,ws, ..., wq,], where

v; = (S2i—1T2i-1 — $2iT2:) = Nai—1 + N2, 1=1,...,@Q1, (3.23)

and

ll

w; (”1)i_1 [(33i—27'3i—2 - 331’——1"'31‘-—1) - (33i—17'3i—1 - 33£7'3i)]

(3.24)

= mngi_z + 2nz;—1 + na;, 1=1,...,Q2.
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Since each v; is a function of two adjacent samples, @; = Q/2. Similarly,
since each w; 1s a function of three adjacent samples, @; = @/3. Thus, for
both relationships to be valid, @ must be divisible by 6.

Continuing, it can be shown that the pdfs of v; and w; are [16]

fo(@) = falz) * fu(=) (3.25)
and
Ful@) = 5 (o) ful@) * fula/2). (3.26)
Furthermore, the CFs of f,(z) and f,(z) are [16]
®,(w) = P2(w) (3.27)
and
®y(w) = 32(w)®,(2w) = &, (w)P,(2w). (3.28)

Since f,(z) is even symmetric, both f,(z) and f,(z) are even symmetric.
Thus, ®,(w), ®,(w), and &, (w) can also be written as

®p(w) = E{cos(wn;)} (3.29)
®,(w) = E{cos(wv;)} (3.30)
®,(w) = E{cos(ww;)}. (3.31)

Given the samples {v;} and {w;}, and the relationships in Eq. (3.30) and
Eq. (3.31), one technique for estimating ®,(w) and ®,(w) is through the
following expressions:

. 1 & .

¢, (w) = 0. Z cos(wv;) (3.32)
a 1 1Q_2

®,(w) = 0 ; cos(ww;) . (3.33)

Then, using Eq. (3.28), and given the estimates &,(w) and &,,(w) provided
by Eq. (3.32) and Eq. (3.33), ®,(w) can be estimated as

bo(w) = 222 _ Q1 X2y cos(wui/2). (3.34)
®,(w/2) Q2 T2, cos(ww;/2)

Finally, Eq. (3.34) can be used to implement the robust LO detector di-
rectly, e.g, through the direct FSA method [14]. Equation (3.34) can also be
inverted to yield a pdf estimate, from which the robust LO detector can be
implemented using one of the many indirect techniques.
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3.3.1 The Preamble Method and the FSA LO Detec-
tor

After comparing Eq. (3.34) to Eq. (2.17), it is readily seen that the pream-

ble enhancement method can be directly applied to the FSA LO detector

described in Section 2.2. In particular, the CF estimate of Eq. (2.17) is
replaced with the estimate in Eq. (3.34), i.e.,

_ @ Y22 cos(kwow;/2)
TR cos(kwov;/2) |

Then, substituting Eq. (3.35) in Eq. (2.15) and Eq. (2.16), the FSA coeffi-

cients are computed as before using the defining expression in Eq. (2.14),

&, (kwo) (3.35)

b =2wT c. (3.36)

A sample operation of the preamble enhanced FSA LO detector is pro-
vided in Fig. 3.16 through Fig. 3.19 for the case of Cauchy noise and system
parameters p = 10, T = 50, @ = 20,000, and E./oc = 0dB. The desired
FSA LO nonlinearity, estimated using uncorrupted noise samples, is shown
in Fig. 3.16. Figure 3.17 illustrates the FSA LO nonlinearity estimated using
the observed received signal samples, As can be seen from the figure, there
is an undesired inflection of the nonlinearity in the region centered about
the origin. However, by using the preamble technique, a close approximation
of the desired LO nonlinearity can be obtained, as suggested by the FSA
LO nonlinearity of Fig. 3.18 constructed using the CF estimates in Fig. 3.19.
Note that in implementing the FSA LO nonlinearity using the preamble tech-
nique, ¢ = 60,000 samples were used so that @, the minimum number of
samples forming a CF estimate in Eq. (3.34), had the value @, = 20,000.
Figure 3.19 also illustrates an interesting characteristic of the CF estimator,
namely, that for the case of Cauchy noise, the approximation error increases
as the frequency, kwo, increases. This property, as well as the development
of a metric for gauging the expected CF estimation error, are the subject of
Section 3.3.3. See Chapter 4 for a more detailed analysis of the preamble
technique for FSA LO detection.
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Figure 3.16: FSA LO nonlinearity estimated using noise samples, p = 10,
T =50, @ = 20,000, E./oc = 0dB.
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Figure 3.17: FSA LO nonlinearity estimated using received signal samples,
p =10, T = 50, @ = 20,000, E./oc = 0dB.
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FSA LO nonlinearity - Estimated using the preamble technique
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Figure 3.18: FSA LO nonlinearity estimated using the preamble technique,
p=10, T =50, @, = 20,000, E./oc = 0dB.

3.3.2 The Preamble Method and the Histogram LO
Detector

Contrary to the case of the FSA LO detector, additional development is
required before the preamble method can be applied to histogram LO detec-
tion. Recall that the preamble method can be used to obtain an estimate
of the noise pdf, f.(n), by inverting the CF estimate given by Eq. (3.34).
However, in the case of histogram LO detection, a histogram estimate of the
form

. K-1
fa(n) = ; IIp,(n) (3.37)

is desired, where [y, is the value of the histogram in the bin Bj. For example,
the histogram estimator described in Section 2.1 has levels

P{B:}

= S \H 3.38
* 7 b — (3:38)
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Figure 3.19: Estimate of the noise CF using the preamble technique, p = 10,
T = 50, Q = 60,000 (Q2 = 20,000), E./oc = 0dB. Legend: — Preamble

technique, .... Theoretical
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where P{Bk} is the relative frequency of bin By, given by Eq. (2.8), and
{h+} are the bin breakpoints. Once the histogram pdf estimate of Eq. (3.37)
is obtained, the corresponding histogram LO nonlinearity can be computed
using a method similar to the development of Eq. (2.9) and Eq. (2.10) in
Section 2.1.

Examining the histogram levels of Eq. (3.38) in more detail for the case
of equal bin width, A, and for f,(7) even symmetric, it is evident that, on
average, P{B)} approaches P{Bj}, where

hpy
P{B} = [ fuln)dn. (3.39)
ke
Thus, the average histogram level, I, is

- 1 rhenr
h=x " alm)dn, (3.40)

which is the mean value of f,(7) on the interval [hg, hxs1) [17]. If it is
assumed that A is sufficiently small that, for most cases, fu(y) is either
relatively constant, or monotonically increasing or decreasing in the interval
[hk, hi41), then I can be approximated as

e (-5 =Af 5w

fork=0,...,K—1 and K odd. As can be seen, the goal now is to estimate
the sequence f,[k] obtained by sampling the pdf, f.(7). In terms of CFs, the
goal is to estimate the CF, or equivalently, the discrete Fourier transform

(DFT) of fu[], namely

(K-1)/2
Fufm]= Y falkle 2™mk/K (3.42)
k=—(K-1)/2

for m = —(K —1)/2,...,(K — 1)/2. However, the preamble method as
developed in Section 3.3 only provides an estimate of the CF of f,(-), i.e.,

®p(w) = /;: faln)e™dy . (3.43)

Thus, additional development of the preamble technique is required to show
how an estimate of ®,(w) can be used to construct an estimate of F,[m].
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To begin, consider the FT of the sequence Fulk] = fa(kA) for k from —o0
to co. The FT of this sequence is written as

(e = kij ke (3.44)

Using the properties of the sampling theorem, it can be shown that [18]

F (e"")— = Z &, ( <+ 221) (3.45)

which is the infinite sum of shifted values of ®,.(+). Next, the desired sequence,
fn|k], can be obtained from f,[k] as

falk] = falk] - h{K], (3.46)
where h[k] is a window function given by

A :{ 1, fork=—(K—-1)/2,...,(K-1)/2 (3.47)

0, elsewhere.

Using the Fourier transform properties, F.(e"), the FT of fu[k], can be
written as

Fo(e*) = F,(e™) « H(e™), (3.48)

where

dory — sin(wK/2)
H(e™) sin(w/2) ’
and * denotes convolution. Combining Eq. (3.45) with Eq. (3.48), Fn(e™) is
given by

(3.49)

Fo(e) = ZI;E:{{U//?) 3 8, ( z T). (3.50)

l=-00
Finally, F,(m), the DFT of f,[k], can be obtained from F,(e’), the FT of
fnlk], using the relationship [18]

Fﬂ[m] = Fn(ejW) lw::21rm/K; (351)

yielding the result,
gy s1n()\K/2) 27 (m )
——— =1} ]dAx. .52
Falm] = 27rA Z /w sin(A/2) (A A \K (3:52)
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To make the relationship between F,[-] and ®,(-) given in Eq. (3.52)
more tractable, two simplifying approximations can be used. First, for the
case when K is sufficiently large, the windowing effect of A[-] will become
negligible, and

1 = sin(AK/2) A 2 /m 2r (m
o —'——'@'n ~ A . n A ¥ .
o /_,, sin()/2) (A A (K l)) - e ( A (K l)) |
(3.53)
Second, for most CF's of interest that decay to zero as w increases, the infinite

summation in Eq. (3.52) can be approximated by a finite summation. Given
these two approximations, Eq. (3.52) becomes

Folm] ~ %ng 5, (—%(m - ZK)) , (3.54)

form = —(K~1)/2,...,(K—1)/2 and K odd, where T = KA is the support
width of the histogram, and M is called the “aliasing factor.”

Recall that the preamble method was derived using the simplifying as-
sumption that fu(7) is an even symmetric pdf, causing f,[k] to be even
symmetric as well. In this case, it is readily observed that

®p(w) = Op(—w), (3.55)
and
F.[m] = F,[-m]. (3.56)

As a result, for the case of even symmetric pdfs it is sufficient to estimate
Fplm]form =0,...,(K —1)/2.

In conclusion, given the assumptions and approximations specified in this
section and Section 3.3, the preamble method for enhancing the histogram
LO detector can be summarized as follows:

1. Determine values for the parameters K (number of histogram bins), T
(the support width of the histogram), and M (the aliasing factor).

2. Compute &, (wo(m — IK)) using Eq. (3.34)form =0, ..., (K —1)/2
and [ = —-M, ..., M, where wy = 27/T.
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3. Estimate F,[m] as

1 M

Fo[m] = &, (wo(m — IK)), (3.57)

Al=-‘M
form=0,...,(K —1)/2.

4. Determine the histogram levels, I = Fulk = (K —1)/2], by computing
the inverse DFT of the sequence

{ﬁn[(K - 1)/2]1 RS Fn[”) Fﬂ[OL ﬁn[”; RS Fﬂ[(K - 1)/2]}

5. Form the histogram LO nonlinearity using the histogram found in
Step 4 and the method discussed in Section 2.1.

Figure 3.20 to Fig. 3.26 depict various stages of the histogram LO detec-
tor algorithm for the case of Laplace noise and system parameters K =15,
T =30, M =1, Q@ = 20,000, and E./c = 0dB. Laplace noise, rather than
Cauchy noise, was chosen so as to illustrate the “robustness” of the robust
LO detector. A typical histogram estimate of the received signal pdf for
this scenario is provided in Fig. 3.20. Two histogram estimates of the noise
pdf, one formed using uncorrupted noise samples, and the other constructed
using the preamble technique, are given in Fig. 3.21 and Fig. 3.22, respec-
tively. The desired histogram LO nonlinearity, implemented using uncor-
rupted noise samples, is shown in Fig. 3.23, and the corresponding histogram
LO nonlinearity estimated using the received signal samples is provided in
Fig. 3.24. As can be seen from this figure, the nonlinearity estimated using
the received signal samples possesses an undesired inflection in the region
centered about the origin. The histogram LO nonlinearity estimated using
the preamble technique, however, does not have this inflection, as illustrated
in Fig. 3.25. Furthermore, this nonlinearity estimate is a close approximation
of the desired nonlinearity in Fig. 3.23. Finally, Fig. 3.26 shows the pream-
ble estimated DFT of the noise histogram that was used to construct the
LO nonlinearity of Fig. 3.25. As can be seen, the estimate closely approx-
imates the theoretical DFT obtained given knowledge of the mathematical
expression for the noise pdf. For further analysis of the preamble technique
for histogram LO detection, see Chapter 4 of this report.
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Histogram estimate of the received signal pdf - Equispaced bins
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Figure 3.20: Histogram estimate of the received signal pdf, K = 15, T' = 30,
@ = 20,000, E./oc = 0dB. '

Histogram estimate of the noise pdf - Equispaced bins
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Figure 3.21: Histogram estimate of the noise pdf, K =15, T = 30, Q =
20,000, E./oc = 0dB.
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Histogram estimate of the noise pdf - Preamble technique
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Figure 3.22: Preamble enhanced histogram estimate of the noise pdf, K = 15,
T=30,M=1,Q=20,000, E./oc =0dB.
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Figure 3.23: Histogram estimate of the LO nonlinearity using noise samples,
K =15,T =30, Q = 20,000, E./oc =0dB.
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Histogram estimate of the LO nonlinearity - Received signal samples
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Figure 3.24: Histogram estimate of the LO nonlinearity using received signal
samples, K =15, T' = 30, @ = 20,000, E./o = 04B.
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Figure 3.25: Preamble enhanced histogram estimate of the LO nonlinearity,
K=15T=30, M =1,Q =20,000, E./Joc = 0dB.
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Estimated DFT for the histogram estimate of the noise pdf - Preamble technique
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Figure 3.26: Estimate of the histogram DFT
K=15T=30,M=1,Q = 20,000, E./oc = 0dB. Legend: — Preamble
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3.3.3 The Variance of the Estimator @n(kwo)

Of critical importance in attaining a reliable estimate of ®,(kwo) is deter-
mining the number of observations, @, used to compute the estimate

&, (kwo) = 02 Zcos (kwom;) - (3.58)

One method is to choose @ such that the variance of @n(kwo) is less than
some fraction, a, of the quantity ®,%(kw,). Denoting the expected value and
variance of an estimator as F{-} and Var{-}, respectively, it is well known
that [16]

Var{a(kwo)} = E{2(kwo)} — [E{&n(huo)}]” . (3.59)
The expected value of ‘I’n(kwo) 1s
R Q
E{®,(kwo)} = %Z E{cos(kwon;)} = E{cos(kwon;)} = ®.(kwo), (3.60)

for {n;} iid. Next, E{®2(kwo)} is given by

E{$2(kwo)} = Z Z E{cos(kwon,) cos(kwom; )} . (3.61)
=1 j=1
For the case when 1 # j, with {n;} iid,
E{cos(kwon;) cos(kwon;)} = E{cos(kwon;)}E{cos(kwon;)}
(3.62)
= @n2(ka) .
When 7 = j, the expression in Eq. (3.62) becomes
E{cos(kwon;) cos(kwon;)} = E{cos®(kwon;)} = $E{l + cos(2kwon;)}

= % + %@n(zk(&)o) .
(3.63)
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Substituting Eq. (3.62) and Eq. (3.63) into Eq. (3.61), E{2(kw)} becomes

E{®3(kwo)} = @ [} + 58a(2hwo)] + 35(Q" — Q)% (ko)
(3.64)

= AL+ @a(2kwo)] + (1= 5) 8a*(hwo).

Finally, substituting Eq. (3.60) and Eq. (3.64) in Eq. (3.59), it can be shown
that 1
Var{®,(kwo)} = Z—Q—[l + & (2kwo) — 28,2 (kwo)] - (3.65)

As examples, consider the cases of LO detection in three different noise
environments: Cauchy noise, Gaussian noise, and Laplace noise. For the case
of Cauchy noise,

1

o
) =——= 0, .66
B =T °7 (3.66)
and
&, (kwo) = e~k | wy > 0. (3.67)
Substituting Eq. (3.67) in Eq. (3.65), it can be shown that, for Cauchy noise,
o 1
Var{®,(kwo)} = é—é [1 _ g~2owolkl] (3.68)
which is monotonically increasing for & > 0, with
Var{®,(0)} = 0 (3.69)
) o 1
kli»rgo Var{®,(kwo)} = 50" (3.70)

In the case of Gaussian noise,

1
fa(n) = —\/ﬁe-ﬂz/(””), >0, (3.71)
and 112 2 2
B, (kwo) = €797 | wo > 0. (3.72)

Substituting Eq. (3.72) in Eq. (3.65), it can be shown that, for Gaussian

noise,

Var{®,(kwo)} = 516 [1 - e"kz“’g”z]z ) (3.73)
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which is monotonically increasing for & > 0, with
Var{®,(0)} = 0 (3.74)
klim Var{®,(kwo)} = —. (3.75)

Finally, for the case of Laplace noise,

1 2
faln) = N s, (3.76)
and 9
@n(kUJO) o= mk—)z, Wwo > 0 . (3.77)

Again, substituting Eq. (3.77) in Eq. (3.65), it can be shown that, for Laplace

noise,

8 1 204 wik(o?wik? + 5)
Va'l”{@n(kwo)} - —éa(zo_zwgkz + 1)(0’4(4)3]04 +4o'2wgk2 +4:) . (3-78)
As before, it is readily seen that
Var{®,(0)} = 0 (3.79)
. 5 1
klirglo Var{®,(kw)} = 50" (3.80)

However, for the case of Laplace noise, Var{&),,(kwo)} is not a monotonically
increasing function for k£ > 0. Rather, using Mathcad™ by MathSoft, Inc.,
the expression in Eq. (3.78) can be shown to have a maximum value at

E = <\/13+3\/ﬁ) /(owp). For k equal to this value, Var{®,(kwo)} ~
(1.008669985)/(2Q), a number slightly larger than 1/(2Q).

To compare the number of samples required in the different noise envi-
ronments, consider the criterion of choosing @ such that the variance of the
CF estimator at kwg is less than some fraction of the square of the actual
CF at kwo, i.e., choose @ such that

Var{®.(kwo)} < a®,2(kuwo). (3.81)
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Noting that for Cauchy, Gaussian, and Laplace noise, Var{®,(kwo)} ap-
proaches 1/(2Q) as k approaches infinity, one can choose Q such that

(3.82)

>
Q 2a@n2(kmazw0) ,

where knqz is the largest k for which ‘in(kwo) is to be computed. Substi-
tuting the corresponding expressions for &,,(+) into Eq. (3.82), the respective
requirements on @ for the different noise types become:

e For Cauchy noise:
ezﬂwolkmag‘

Q > e (3.83)
¢ For Gaussian noise:
Fraiid?
Q > oy (3.84)
e For Laplace noise:
2 kma:t: 2)2
g > 2t (masteoo) T (3.85)

8ca

As a specific example, consider the implementation of the FSA LO detec-
tor having order p and support T = 50. Thus, kmes = 2p and wo = (27)/T =
7/25. For the case when the noise parameters are all 0 = 1and a = 1/8,

Eq. (3.83) through Eq. (3.85) become

e For Cauchy noise:

Q > e3P (3.86)

e For Gaussian noise:

Q > 4(E)7 (3.87)

e For Laplace noise:
2

Q > [2+ (3—2)2;)2} , (3.88)
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Plots of @Qmin relative to p are provided in Fig. 3.27 that indicate how the
type of noise directly influences the number of samples required to provide
a reliable estimate of the corresponding LO nonlinearity. Furthermore, this
example, in conjunction with the material presented in this section, clearly
illustrates how the variance of the estimator ®,(kwp) can be used to gauge
the accuracy of a preamble enhanced robust LO nonlinearity in terms of the
number of samples utilized in the estimation process.

2500

20001

Minimum number of samples, Q

500

15001

:

6
FSA order, p

Figure 3.27: Number of samples, @, required relative to the FSA order, p,
indicated by the preamble technique variance criterion. Legend: — Cauchy

noise, - - Gaussian noise, ..

.. Laplace noise
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Chapter 4

Performance Analysis

One method that has proven useful in quantifying the performance of robust
LO detectors is Monte Carlo simulation analysis. In this study, two Matlab™
computer simulations were implemented for examining the characteristics of
the various enhancement algorithms presented in Chapter 3. One program
simulates the histogram robust LO detector in a direct sequence (DS) spread
spectrum (SS) BPSK system, while the other simulates a BPSK DSSS system
employing an FSA robust LO detector. In both simulations, the system
can be subjected to one of three types of channel interference: iid Cauchy
noise, iid Laplace noise, or iid Gaussian noise. Furthermore, each simulation
compares the enhanced robust LO detector in question to:

o the theoretical LO detector (known pdf case)
e the robust LO detector using noise samples for estimation (ideal case)

e the robust LO detector using received signal samples for estimation
(large J/S implementation)

e the linear detector.

Thus, the remainder of this chapter examines the probability of bit error (P,)
for the different detector/enhancement combinations, facilitating the com-
parison of detector effectiveness for different interference and enhancement

scenarios.
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4.1 Results for the Histogram Robust LO
Detector

This section presents the simulation results for the histogram robust LO
detector in conjunction with the following enhancement methods:

o the LS enhancement technique
o the CF enhancement technique

e the preamble enhancement technique.

As will be seen, both the LS and CF enhanced detectors, while typically
providing a lower P, than the standard large J/S implementation of the
LO detector, exhibit performance degradation caused by the “binning” (or
quantization) of the information signal’s amplitude. The preamble enhanced
LO detector, on the other hand, does not exhibit this degradation in perfor-
mance, and usually achieves a significantly lower P, than does the large J/S
implementation. However, as in all the enhancement algorithms, care must
be taken in choosing appropriate values for the various system parameters.

4.1.1 The LS Enhancement Technique

To investigate the performance characteristics of the LS enhanced histogram
LO detector, P, curves for this detector in Cauchy noise are shown in Fig. 4.1
to Fig. 4.5, with a legend provided in Fig. 4.6. After an examination of the
figures, a number of observations can be made concerning the detector per-
formance. First, the LS enhanced LO detector performs better, in general,
than the robust LO detector using the received signal samples.! Second, the
performance of the LS enhanced detector for large E./o improves as the his-
togram width, T', increases. However, increasing T decreases performance for
low E./o regions, illustrating an important performance trade-off. Finally,
the P, curves for the LS enhanced detector are not “smooth” functions of
E./o, and in fact, exhibit severe performance fluctuations.

1For these and subsequent curves, P; is calculated by dividing the number of observed
errors by the total number of bits transmitted. Thus, values of zero often are computed
for an actual P, that is less than or approximately equal to the number of transmitted
bits. Since P; is plotted on a logarithmic scale in the figures, values of zero are indicated
by a break in the appropriate curve.
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Resulting average probability of error

-2 0 2
Ec/sigma (dB)

Figure 4.1: P, curves for the LS enhanced histogram LO detector with
N = 10 samples per bit, K = 33 histogram bins, filter length 2L — 1 = 99,
truncation width of T = 100, and @ = 50,000 samples per pdf approxima-

tion.

Resulting average probability of error

-2 o 2
Ec/sigma (dB)

Figure 4.2: P, curves for the LS enhanced histogram LO detector with
N = 10 samples per bit, K = 33 histogram bins, filter length 2L — 1 = 99,
truncation width of T = 200, and @ = 50,000 samples per pdf approxima-

tion.
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Resulting average probability of error

-2 [ 2
Ec/sigma (dB)

Figure 4.3: P, curves for the LS enhanced histogram LO detector with
N =10 samples per bit, K = 99 histogram bins, filter length 2L — 1 = 199,
truncation width of T' = 200, and @ = 50,000 samples per pdf approxima-
tion.

Resulting average probability of error

-2 o 2
Ec/sigma (dB)

Figure 4.4: P, curves for the LS enhanced histogram LO detector with
N = 10 samples per bit, K = 99 histogram bins, filter length 2L — 1 = 199,
truncation width of T' = 400, and @ = 50,000 samples per pdf approxima-
tion.
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Resulting average probability of error
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Figure 4.5: P, curves for the LS enhanced histogram LO detector with
N = 10 samples per bit, K = 99 histogram bins, filter length 2L — 1 = 199,
truncation width of T = 600, and @ = 50,000 samples per pdf approxima-
tion. .
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Figure 4.6: Legend for the probability of bit error figures.
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Further analysis of the results for the LS enhanced detector revealed the
cause of the performance fluctuations. Figure 4.7 shows a typical plot of P,
relative to the information signal amplitude, a. In addition, the bin endpoints
for the received signal histogram are indicated by the “X” marks. As can
be seen, local P, minima occur when a lies in the center of a bin, and B,
increases for values of a close to the bin endpoints. The location of ¢ in a
histogram bin is critical for the following reasons. When a is located near
the center of a bin, the bin index k, accurately represents a and the resulting
deconvolution filter, 4, is closely related to the true information signal pdf.
However, when a lies near a bin endpoint, k, no longer accurately represents
a, and the resulting deconvolution filter no longer corresponds to the true
information signal pdf. Thus, an increase in pdf estimation error occurs when
k, does not accurately represent a, and is an inherent limitation possessed
by the LS enhancement technique.

Effect of Bit Amplitude Position on Probability of Error - LS Enhamcement

0.4
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0.25F x X x X
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04

Y éL\ P

8 10 12
Bit Amplitude

L 2
14 16 18 20

Figure 4.7: Effect of bit amplitude position on B, for the LS enhanced robust
LO detector.

4.1.2 The CF Enhancement Technique

Representative P, curves for the CF enhanced histogram LO detector sub-
jected to iid Cauchy noise are provided in Fig. 4.8 and Fig. 4.9 (see Fig. 4.6
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for a legend). Of particular interest is the fluctuations observed in the per-
formance curves for the CF enhanced detector. As in the case of the LS
enhanced LO detector, these fluctuations are directly related to the location
of the BPSK signal amplitude, a, in a given histogram bin, indexed by k,.
This phenomenon can be readily observed in Fig. 4.10, a typical plot of P,
relative to a, and is a function of the relationship given in Eq. (3.20).

Resulting average probability of error

10°* L
-1 -2 [+ 2
Ec/sigma (dB)

Figure 4.8: P, curves for the CF enhanced histogram LO detector with N =
10 samples per bit, K = 99 histogram bins, truncation width of T' = 200,
and @ = 50,000 samples per pdf approximation.

To understand the cause of the performance fluctuations, consider the
following. Recall that the FT of the recelved signal pdf for a BPSK system
is given by

F,(e’) = F.(e™)cos(wa). (4.1)
Assume that F,(e’) is known exactly, i.e., ignore the effects of histogram
estimation error. Then, if the BPSK signal amplitude is approximated at
the detector by k,/AA, where A is the histogram bin width, Eq. (3.20) gives
the following estimate of Fy,(e™*):

cos(wa)

cos(wkaA)

Equation (4.2) clearly indicates that if k. A is not approximately equal to z,
then cos(wa) does not cancel cos(wk,A), which may lead to values of w for

Fo(e) = Fo(e?) %) (4.2)
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-2 ] 2
Ec/sigma (dB})

Figure 4.9: P, curves for the CF enhanced histogram LO detector with N =
10 samples per bit, K = 99 histogram bins, truncation width of 7' = 400,
and @ = 50,000 samples per pdf approximation.

Effect of Bit Amplitude Position on Probability of Error - GF Enhamcement
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Figure 4.10: Effect of bit amplitude position on P, for the CF enhanced
robust LO detector.
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which | F;,(e*) |- oo (or a very large number in computer simulations and
applications). Thus, the performance of the CF enhancement technique is
strongly dependent on the estimate of the information signal’s amplitude at
the detector.

4.1.3 The Preamble Enhancement Technique

To compare the performance of the preamble enhanced histogram LO detec-
tor to the LS and CF enhanced detectors, first consider the results provided
in Fig. 4.11 for the case of Cauchy noise (see Fig. 4.6 for a legend). T'wo obser-
vations are immediately apparent after examining this figure and the figures
in Section 4.1.1 and Section 4.1.2. First, the preamble enhanced LO detec-
tor provides a lower P, than the corresponding large J/S implementation.
Second, the preamble enhanced detector does not exhibit the performance
fluctuations that are inherent to the LS and CF enhanced detectors. Thus,
the consistency in performance of the preamble technique is a useful attribute
for predicting detector effectiveness in a given interference environment.

Resulting average probability of error

-1 [} 1
Ec/sigma (dB)

Figure 4.11: P, curves for the preamble enhanced histogram LO detector
in Cauchy noise with N = 10 samples per bit, K = 33 histogram bins,
truncation width of T = 100, aliasing factor M = 1, and @ = 50,000 samples
per pdf approximation.

Given the promising results indicated in Fig. 4.11, an additional analy-
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sis was performed to investigate further the preamble enhancement method.
Figure 4.12 and Fig. 4.13 depict P, curves for the preamble enhanced his-
togram LO detector subjected to Laplace noise, with aliasing factors M = 0
and M = 1, respectively. For large values of E./o, these figures illustrate
the superior performance of the preamble enhanced detector as compared
to the large J/S implementation. Conversely, for small values of E./o, the
preamble technique exhibits approximately a 1 dB degradation relative to the
large J/S method. In many cases, however, this minor performance decrease
may be a small price to pay given the increased range of reliable detection
afforded by the preamble technique.

Resulting average probability of error

-2 0 2
Ec/sigma (dB)

Figure 4.12: P, curves for the preamble enhanced histogram LO detector
in Laplace noise with N = 10 samples per bit, K = 15 histogram bins,
truncation width of T = 30, aliasing factor M = 0, and @ = 20, 000 samples
per pdf approximation.

4.2 Results for the FSA Robust LO Detec-
tor

This section presents the simulation results for the FSA robust LO detector
in conjunction with the following enhancement methods:
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Resulting average probability of error
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Figure 4.13: P, curves for the preamble enhanced histogram LO detector
in Laplace noise with N = 10 samples per bit, K = 15 histogram bins,
truncation width of T' = 30, aliasing factor M = 1, and @ = 20,000 samples
per pdf approximation.

e the CF enhancement technique
e the preamble enhancement technique.

Similar to the case of histogram LO detection, it will be seen that the pream-
ble enhanced FSA LO detector typically exhibits better performance than
the CF enhanced detector for a given interference scenario. However, one
must keep in mind that this performance improvement is achieved at the
expense of an increase in bandwidth overhead, which may or may not be an
issue in a specific system implementation.

4.2.1 The CF Enhancement Technique

Typical P, curves for a CF enhanced FSA LO detector are given in Fig. 4.14
to Fig. 4.16 for the case of Cauchy interference. As in the case of histogram
detection, the CF enhanced FSA detector also exhibits performance fluctu-
ations as E./o varies. This characteristic of the CF technique is directly
related to the defining expression of Eq. (3.20), as was seen in the case of
histogram detection discussed in Section 4.1.2.
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Resuilting average probability of error

? Ec/sigr?n (dB} !
Figure 4.14: P, curves for the CF enhanced FSA LO detector in Cauchy

noise with N = 10 samples per bit, FSA order of p = 10, truncation width
of T'= 50 and @ = 20,000 samples per nonlinearity approximation.

Resulting average probability of error

K Edsigr(r)\a (dB) !
Figure 4.15: P, curves for the CF enhanced FSA LO detector in Cauchy

noise with N = 10 samples per bit, FSA order of p = 10, truncation width
of T'=100 and @ = 20,000 samples per nonlinearity approximation.
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Resuilting average probability of error
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Figure 4.16: P, curves for the CF enhanced FSA LO detector in Cauchy
noise with N = 10 samples per bit, FSA order of p = 15, truncation width
of T'= 100 and @ = 20,000 samples per nonlinearity approximation.

To determine the cause of these fluctuations in P, recall that the FSA
LO nonlinearity is implemented using i’n(kwo), an estimate of the noise CF
at multiples of wo. If uncorrupted noise samples are available at the detector,
®,(kwo) can be estimated using the expression in Eq. (2.17), i.e.,

. Q
P, (kwo) = %Zcos(kwom), (4.3)

=1

where {n;} is the set of @ observations of the noise. In CF enhanced
detection, however, uncorrupted noise samples are not available. Instead,
Eq. (3.20) is used to estimate ®,(kwo), yielding the expression,

152, cos(kwos)
Q@  cos(kwoa)

The expression in the numerator of Eq. (4.4) is an approximation of the
received signal CF, ®,(kwo), where

& (kwo) = (4.4)

&, (kwo) = Bn(kwo) cos(kwoa), (4.5)

65




and the term in the denominator of Eq. (4.4) attempts to cancel the cos(kwoa)
component of the expression in Eq. (4.5). However, since an approximation
of ®,(kwo) is used, this cancellation is incomplete and manifests itself as
an estimation error that is amplified for values of a such that cos(kwoa) is
small. This estimation error amplification produces a corresponding inaccu-
racy in the FSA nonlinearity, causing the performance fluctuations observed
in Fig. 4.14 to Fig. 4.16.

4.2.2 The Preamble Enhancement Technique

This section presents the performance results for preamble enhanced FSA LO
detection in Cauchy and Laplace noise environments. For the case of Cauchy
noise, Fig. 4.17 to Fig. 4.20 provide P, curves for the cases of @ = 30,000 and
@ = 60,000 training samples, and different values for the FSA order, p, and
approximation width, T'. (See Fig. 4.6 for a legend.) These plots indicate
that an increase in the number of training samples yields a decrease in P,, as
expected. However, it must be remembered that an increase in the number
of training samples necessitates an increase in the overhead bandwidth of
the system. Also, comparing Fig. 4.18 to Fig. 4.20 shows that increasing
p, with an appropriate increase in T', improves performance provided that
a sufficient number of observations are available for estimating the desired
number of FSA coeflicients.

Figure 4.21 shows example P, curves for the case of FSA LO detection
in Laplace noise (see Fig. 4.6 for a legend).? As in previous examples, the
preamble enhanced detector provides a lower P, than the corresponding large
J/S implementation. Carrying the analysis further, an interesting compari-
son can be made between the FSA and histogram LO detectors. Comparing
Fig. 4.21 with Fig. 4.12 and Fig. 4.13, it can be seen that the FSA detector
provides better performance for low E./o, whereas the histogram detector
performs better in high E_ /0. The reason for this trend is that the FSA algo-
rithm produces a smooth, accurate estimate of the true LO nonlinearity for
small values of the received signal, and thus the majority of received signal
observations for low E./o. On the other hand, for large values of the received
signal, and thus the majority of received signal observations for high E./o,

*Note that the fluctuations in the performance curve for the preamble enhanced LO
detector are caused by the relatively few samples used to compute P;, and are not inherent
to the preamble technique.
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Resutting average probability of error
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Ec/sigma (dB)

Figure 4.17: P, curves for the preamble enhanced FSA LO detector in Cauchy
noise with N = 10 samples per bit, FSA order of p = 10, truncation width
of T = 50, 20,000 samples per nonlinearity approx. (except preamble), and
Q = 30,000 training samples (corresponding to a = 0.00254).

Resulting average probability of error

-2 0
Ec/sigma (dB})

Figure 4.18: P, curves for the preamble enhanced FSA LO detector in Cauchy
noise with N = 10 samples per bit, FSA order of p = 10, truncation width
of T = 50, 20,000 samples per nonlinearity approx. (except preamble), and
Q = 60,000 training samples (corresponding to a = 0.00127).
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Figure 4.19: P, curves for the preamble enhanced FSA LO detector in Cauchy
noise with N = 10 samples per bit, FSA order of p = 15, truncation width
of T' = 100, 20,000 samples per nonlinearity approx. (except preamble), and
@ = 30,000 training samples (corresponding to a = 0.000723).

Resulting average probability of error

-5 -4 -3 2 -1 o
Ec/sigma (dB)

Figure 4.20: P, curves for the preamble enhanced FSA LO detector in Cauchy
noise with N = 10 samples per bit, FSA order of p = 15, truncation width
of T'= 100, 20,000 samples per nonlinearity approx. (except preamble), and
@ = 60,000 training samples (corresponding to a = 0.000361).
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the estimated FSA LO nonlinearity exhibits the “ripples” inherent to the
FSA algorithm, causing a decrease in nonlinearity approximation accuracy
and a corresponding increase in P,. With the addition of error correction cod-
ing, however, the difference in detector performance should become small. In
this case, the choice of LO detector algorithm, e.g., histogram or FSA, will
be determined by which is more amenable to a given system application.

Resulting average probability of error

-2 0
Ec/sigma (dB)

Figure 4.21: P, curves for the preamble enhanced FSA LO detector in Laplace
noise with N = 10 samples per bit, FSA order of p = 10, truncation width
of T = 30, 20,000 samples per nonlinearity approx. (except preamble), and
Q = 60,000 training samples (corresponding to @ = 7.96 X 1075).
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Chapter 5

Summary and Future Research

The previous chapters identified and examined various enhancement tech-
niques for use with indirect and direct robust LO detector algorithms. More-
over, simulation results indicate that with enhancement, the performance of
the robust LO detector can approach that of the ideal case in which uncor-
rupted noise samples are used to estimate the LO nonlinearity. The methods
developed herein, however, assume that the noise samples are independent
and identically distributed (iid), which may not be indicative of the more
correlated noise, e.g., narrowband interference, that is encountered in many
applications. With this in mind, the remainder of the chapter summarizes
the work presented in this report, and discusses the evolution of the research
topic so as to address more complex noise environments.

5.1 Summary

This report represents the culmination of a study concerning enhancement
methods for robust locally optimum (LO) signal detection. In Chapter 2, the
LO detector for independent noise and the concept of robust LO detection
were introduced. Also, two types of robust LO detectors, the histogram
indirect implementation and the Fourier series approzimation (FSA) direct
implementation, were reviewed. With this framework in place, the focus of
the research effort was discussed next in Chapter 3.

Chapter 3 presented the derivations of three robust LO detector enhance-
ments: the least squares (LS), the characteristic function (CF), and the
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preamble enhancement methods. In the LS method, a least squares decon-
volution filter is used to obtain an estimate of the noise probability density
function (pdf) from an estimate of the received signal pdf. The CF method
utilizes the relationship between a pdf and its CF to obtain an estimate of
the noise CF from an estimate of the received signal CF formed as a function
of the received signal samples. One potential limitation that both the LS
and CF enhancement techniques possess is that each requires an accurate
estimate, at the receiver, of the transmitted information signal’s amplitude.
Since in many applications knowledge of this amplitude is unavailable at
the receiver, another enhancement technique was developed, the preamble
method. In the preamble method, training samples are used to compute an
estimate of the noise CF (and the noise pdf, if necessary) from which an
estimate of the LO nonlinearity is obtained.

Using the methods described in Chapter 3, Chapter 4 presents the per-
formance results for several robust LO detector algorithm and enhance-
ment technique combinations. It was observed that, in most cases, the en-
hanced LO detectors achieved lower probability of errors than the correspond-
ing large jammer-to-signal ratio (J/S) implementation of the LO detector.?
Moreover, due to the limitations imposed by the transmitted signal am-
plitude estimation accuracy, the performance of the preamble enhanced LO
detector was, in most cases, significantly better than corresponding LS or CF
enhanced detector. However, it must be remembered that this performance
improvement occurs at the expense of increasing the overhead bandwidth
of the system, an important consideration in some applications. Table 5.1
summarizes some of the performance trade-offs for the various LO detector
and enhancement technique combinations. ‘

5.2 Future Research

With the insight gained from this report, the logical evolution of this research
topic can be ascertained. Recall that the results presented herein were ob-
tained under the assumption that the noise samples were independent and
identically distributed (iid). However, in many scenarios of interest the in-

n the large J/S LO detector implementation, the received signal samples are assumed
to be approximately equal to the noise samples. Thus, the received signal samples are used
to estimate the desired LO nonlinearity.
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Enhanced Robust LO Detector Characteristics

Enhanced
LO detector

type

Parameters
to be
determined

Increased

overhead
bandwidth

Signal
amplitude
required

Performance
fluctuations
observed

LS enhanced
histogram
LO detector

K, T,Q, L

X

X

CF enhanced
histogram
LO detector

Preamble

enhanced

histogram
LO detector

CF enhanced
FSA L.O

detector

»TQ

Preamble
enhanced

FSA LO

detector

2T, Q

Table 5.1: Performance characteristics and trade-offs for the various robust
LO detector algorithm and enhancement technique combinations examined
in this report. Parameters: K is the number of histogram bins, p is the
FSA order, T is the LO nonlinearity approximation width (support), @ is
the number of samples per nonlinearity approximation, and L is the length
parameter for the LS method deconvolution filter. Note, an “X” indicates

that the detector possesses the corresponding characteristic.
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terference is not iid, and in fact, is highly correlated, e.g., as in the case of
narrowband interference. Thus, means should be identified for applying the
methods examined in this study to more general noise types.

One method that may achieve this goal is to model the noise as an auto-
regressive (AR) process. For a first-order AR process, the noise samples,
{n;}, are modeled as \

n; = ani_1+w;, (5.1)

where {w;} is an iid noise sequence, and a is a constant parameter related
to the correlation of the noise. Given the expression in Eq. (5.1), it can be
shown that the LO detector for first-order AR noise is [19]

choose H;

il >
i(p) = E (516 — s0i) 9i(P) < ¥, (5.2)
= choose Hy
here folp) ,  fulps—ap)
(p) = g1{p1 ) = — 2P o JwiP2 9P )
g:(p)=alpnpa) = =208+ e ) (5.3)
forz =1,

fulpi —api
g:(p) = gi(pi—l;Pi;Pi-i—l) = — ( ) +

a folpir1 — api)
fW(Pi - aPi—l) ’ (5.4)

fw(Pi+1 - ap,')

fori=2,...,N—1, and

f‘l,ll(pN '— GPN—l) (55)

gi(p) = gn(pN-1,pN) = oy —apna)’

for 1 = N, where f,(-) is the pdf of w;.

The expressions in Eq. (5.3), Eq. (5.4), and Eq. (5.5) illustrate how the
use of the AR noise model reduces the LO nonlinearity from a function of
an N-dimensional pdf to functions of a 1-dimensional pdf, the pdf of the
iid noise samples, {w;}. Furthermore, the enhancement techniques derived
and discussed in this report may prove useful as means for estimating the
driving white noise pdf, fu(-), reliably and accurately, thereby improving
performance relative to standard large J/S implementations. Before a vi-
able LO detector for AR noise can be implemented, however, a number of
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issues must be addressed. These include: (1) deriving robust LO detector
algorithms for AR noise, (2) identifying techniques, such as the Yule-Walker
and Burg methods [20], for estimating the coefficients of the AR process, and
(3) determining methods for estimating the driving white noise pdf, f,(-),
of the AR process. Once these issues are resolved, the use of AR modeling
to specify the structure of the robust LO detector has the potential to sig-
nificantly augment the existing detector methods for use in more complex
interference environments.
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