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Abstract

Fundamental limits on detection in low SNR

by

Rahul Tandra

Master of Science in Engineering - Electrical Engineering and Computer Sciences

University of California, Berkeley

Professor Anant Sahai, Chair

In this thesis we consider the generic problem of detecting the presence or absence of a weak
signal in a noisy environment and derive fundamental bounds on the sample complexity of
detection. Our primary motivation for considering the problem of low SN R detection is
the idea of cognitive radios, where the central problem of the secondary user is to detect

whether a frequency band is being used by a known primary user.

By means of examples, we show that the general problem of detecting the presence
or absence of a weak signal is very hard, especially when the signal has no deterministic
component to it. In particular, we show that the sample complexity of the optimal detector

is O(1/SNR?), even when we assume that the noise statistics are completely known.

More importantly we explore the situation when the noise statistics are no longer com-
pletely known to the receiver, i.e., the noise is assumed to be white, but we know its
distribution only to within a particular class of distributions. We then propose a mini-
malist model for the uncertainty in the noise statistics and derive fundamental bounds on
detection performance in low SNR. in the presence of noise uncertainty. For clarity of anal-
ysis, we focus on detection of signals that are BPSK-modulated random data without any
pilot tones or training sequences. The results should all generalize to more general signal

constellations as long as no deterministic component is present.



Specifically, we show that for every ‘moment detector’ there exists an SNR below which
detection becomes impossible in the presence of noise uncertainty. In the neighborhood of
that SNR wall, we show how the sample complexity of detection approaches infinity. We
also show that if our radio has a finite dynamic range (upper and lower limits to the voltages
we can quantize), then at low enough SNR, any detector can be rendered useless even under

moderate noise uncertainty.

Professor Anant Sahai
Dissertation Committee Chair
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Chapter 1

Introduction

The subject of signal detection and estimation deals with the processing of information-
bearing signals in order to make inferences about the information that they contain. This
field traces its origin from the classical work of Bayes [1], Gauss [10], Fisher [7], and Neyman
and Pearson [21], on statistical inference. However, the theory of detection took hold as a
recognizable discipline only from the early 1940’s. Presumably, signal detection has a wide
range of applications including communications. The work of Price and Abramson [22], is
one of the early efforts highlighting the importance of signal detection in communications
and a comprehensive survey of the results and techniques of detection theory developed in

the past decades can be found in [15].

In this thesis we are interested in the problem of detecting the presence or absence
of a signal in a noisy environment. Throughout this thesis, whenever we refer to ‘signal
detection’, we mean detecting the presence of a signal in background noise. We mainly
concentrate on two types of signal detection problems, i) detecting known signals in additive
noise (coherent detection), and ii) random signals in additive noise (non-coherent detection).
For example, receivers which try to pickup a known pilot signal/training data sent by a
transmitter use coherent detection. In this case, the receiver knows the exact signal and
hence the optimal detector is just a matched filter [19]. On the other hand, one of the most

common example of a non-coherent detector is an energy detector (radiometer). It is known



that the radiometer is the optimal detector when the receiver knows only the power of the

signal [25], [29].

As the title of the thesis suggests, we are mainly interested in the problem of detecting
very low SNR signals in additive noise. Our interest in the very low SNR regime is motivated
by the possibility for cognitive radios [6], [20]. Cognitive radio refers to wireless architectures
in which a communication system does not operate in a fixed assigned band, but rather
searches and finds an appropriate band in which to operate. This represents a new paradigm
for spectrum utilization in which new devices can opportunistically scavenge bands that are
not being used at their current time and location for their primary purpose [5]. This is
inspired by actual measurements showing that most of the allocated spectrum is vastly

underutilized [2].

One of the most important requirement for any cognitive radio system is to provide a
guarantee that it would not interfere with the primary transmission. In order to provide
such a guarantee it is obvious that a cognitive radio system should be able to detect the
presence of the primary signal, to which it might be severely shadowed. This is a version of
the hidden terminal problem in which the primary system might have a receiver vulnerable
to secondary interference while simultaneously the primary transmissions are shadowed en

route to the secondary user (see fig. 1.1)

However, fundamental theoretical questions remain as to the exact requirements for
engineering a practical cognitive radio system so that they do not interfere with the primary
users. An introduction to the tradeoffs and challenges faced by cognitive radios can be found
in [23]. In particular, in order to guarantee non-interference with primary users without
being restricted to very low transmit powers, the cognitive radio system needs to be able

to detect the presence of very weak primary signals, [11], [12].

Detecting very weak signals introduces many new challenges. In this thesis we will
highlight some of the fundamental limitations on detection in low SNR. In case of coherent

detection, it is well known that the sample complexity! of the matched filter behaves like

The variation of the number of samples required as a function of the signal to noise ratio in order to
guarantee a target probability of false alarm and missed detection



Figure 1.1. Instance of the hidden terminal problem. The blue antennas correspond to the primary
system and the red antenna corresponds to the cognitive radio that is shadowed with respect to the primary

transmitter.

O(1/SNR), when the SNR is low. Whereas, detection becomes considerably harder when
the signal has no deterministic component to it (non-coherent detection). For example, we
consider the problem of detecting a random unknown BPSK modulated signal with very
low power in additive Gaussian noise. It is know that if we use a radiometer to detect this
signal then the sample complexity of the radiometer is O(1/SNR?), [17]. Furthermore,
we show that the optimal detector also behaves as badly as the radiometer. Thus, non-
coherent detection increases the sample complexity by a factor of (1/SNR) which can
be a serious computational cost on the design of the detector. Furthermore, additional
number of samples implies that the receiver has to wait even longer to detect the signal.
However, most stationarity assumptions (channel modeling assumptions) are valid only
within small durations. Hence, this restricts the utility of the detector to very slowly varying
environments. Further, in the context of cognitive radios, this additional delay might make
the time required for detection more than the idle time of the primary transmitter, due to

which the radiometer might be rendered useless for cognitive radios.

More importantly, there is another fundamental issue that needs to be considered while
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Figure 1.2. Abstraction of the detection problem

detecting signals in low SNR’s. The classical Bayes, minimax and Neyman-Pearson design
strategies for optimum signal detection and other decision strategies require a complete
statistical description of the data in order to specify the optimum decision rule structure.
However, there is frequently some uncertainty concerning the statistical structure of the
data, for example the additive Gaussian noise assumption in our problem is only an approxi-
mation. It has been demonstrated that procedures designed around a particular model may
perform poorly when actual data statistics differ from those assumed. For example, the per-
formance of optimum procedures designed under the assumption of Gaussian distributions
are often considerably degraded for slight deviations from the Gaussian assumption [28].
Furthermore, we claim that the degradation in performance is worsened in the low SNR

regime.

To deal with situations mentioned above it is often of interest to find decision procedures
which are robust, that is, which perform well despite small variations from the assumed sta-
tistical model. There were several studies which considered the design of robust detectors.
The statistical work of Huber in estimation [13] and hypothesis testing [14] are generally
regarded as the starting point of the area of minimax robustness. Huber considered the
problem of robustly testing a simple hypothesis Hg against a simple alternative H;, assum-
ing that the true underlying densities ¢g and ¢ lie in some neighborhood of the idealized

model densities pg and p1, respectively, and that they are related by

q; = (1 — Ei)pi(l‘) + Eihi(l‘), 1=0,1 h;eH (1.1)

where 0 < ¢; < 1 are fixed numbers and H denotes the class of all density functions.



As Huber showed, this problem has a solution (existence of a robust detection procedure),
when the ¢; are small enough, so that it is impossible for the distribution classes defined

by (1.1) to overlap.

This work has been successfully applied to a long sequel of problems in detection and
estimation, e.g., the works of Martin and Schwartz [18], Kassam and Thomas [16], and
El-Sawy and Vandelinde [4]. Specifically, Martin and Schwartz consider the problem of
detecting a signal of known form in additive, nearly Gaussian noise, and they derive a robust
detector when the signal amplitude is known and the nearly Gaussian noise is specified by

Huber’s mixture model.

It is important to note that as the previous works mentioned above have considered the
problem of detecting the presence or absence of known signals under noise uncertainty, i.e.,
they try to derive a robust coherent detector. However, the model considered by Huber is
more general and can be applied to non-coherent detection also. In this thesis, we propose
a similar model for the noise uncertainty, which can be shown to be a special case of the
model given in (1.1). However, since we are interested in detection in low SNR, it is not
reasonable to assume that the distribution classes under both the hypotheses don’t overlap.
In fact, we show that under sufficiently low SNR, the distribution classes must overlap,
which in turn leads to serious limitations on the prospect of robust detection. Sonnenschein
and Fishman [26], analyze the affect of noise power uncertainty in radiometric detection of
spread-spectrum signals and identify a fundamental limit on the SNR of the signals we can
detect. We extend their results beyond the energy detector to detectors that examine other

moments.

Furthermore, we show that the fundamental limits on moment detectors become hard
limits on any possible detector if the radio has a finite dynamic range on its input. This
result says that under the finite dynamic range assumption it is impossible to find any
robust detector below a certain SNR threshold. Intuitively, this result arises because, under
the finite dynamic range assumption and in low SNR, the distribution classes under both
hypothesis must overlap for any possible detector, i.e., it is possible for a noise distribution

in each hypothesis to mimic the nominal distribution in the other hypothesis, thus leading



to impossibility in signal detection. Since all physical radios have such a limit, we feel that

the bounds here represent important constraints on practical systems.

In the next chapter, we formulate the detection problem as a hypothesis testing problem
and discuss the sample complexity of various detectors, under the additive Gaussian noise
assumption. In this chapter we assume that the noise statistics are completely known to the
receiver. Chapter 3 relaxes this constraint and we build a model for the noise uncertainty.
Under our model we show that for every moment detector there exists a SNR below which
detection becomes impossible. We extend this impossibility result for a generic detector
in chapter 4, where we make the practical assumption that our receivers are limited to a
finite dynamic range of operation. Finally, we conclude by giving a brief discussion of the
signal detection problem when the signal is no longer white. We give some arguments which
suggest that even robust detectors (like feature detectors) might have to face the practical
limitations of noise uncertainty. However, we feel that the limits in this case arise due to
the uncertainty in the whiteness assumption of noise (in practice noise is also never white!).
Therefore, we feel that these limitations are very fundamental in nature and systems which

work under the very low SNR regime (like cognitive radios) cannot escape such limitations.



Chapter 2

Detection in Gaussian noise

2.1 Introduction

We start off by formulating the general problem of detecting the presence or absence
of a signal in additive noise as a binary hypothesis testing problem. In the most general
formulation we allow for the noise process to lie in a class of distributions around the nominal

distribution.

However, as a preliminary discussion to the general problem we first assume that the
noise statistics is completely known to the receiver. We assume that the noise is white
Gaussian, and is independent of the signal. Under these assumptions we derive the sample
complexities of optimal detectors® for various classes of signals and compare them with the

sample complexity of the corresponding matched filter and radiometer.

Before we begin our discussion of signal detection, we first point out the critical dif-
ferences between detection and demodulation. By demodulation, we mean the process of
decoding a message based on the received signal. Shannon in his landmark paper [24],
showed that it is possible to reliably demodulate the signal only if the rate of transmission

is below a certain threshold, what we now call the Shannon capacity of the channel. The

'Note that the notion of optimality is in the classical Neyman-Pearson sense, i.e., a detector is optimal if
it minimizes the number of samples required for detection subject to given target probabilities of false alarm
and missed detection constraints



main problem in demodulation is to decode the transmitted message from the received (pos-
sibly corrupted) signal. However, we are already assuming the presence of a transmission
in demodulation, i.e., the receiver knows that there is a primary signal present and all it

has to do is to figure out what it is.

On the other hand, detecting signals at very low SNR is the main focus of this thesis.
In particular we assume that the SN R is so low that we are operating below the capacity of
the channel. Thus demodulating the signal is not possible, and we can only hope to detect
the signal. In our problem the important case is detecting the absence of the primary signal.
This is a hard problem, since there is no easy way to prove the absence of a signal. The
only possible way to do this is to contradict the fact that there is a primary transmission
present. However, contradicting the presence of a signal is hard when the signal power is

very low. Therefore, the problem of detection is considerably harder than demodulation.

2.2 Problem formulation

The problem of signal detection in additive noise can be formulated as a binary hypoth-

esis testing problem with the following hypotheses:

Ho:Y[n] = Win] n=1,...,N

Hi:Yn] = Xn+Win n=1,...,N (2.1)

where X[n| and Wn| are the signal and noise samples respectively. We assume that both
the signal and noise processes are white and are independent of each other. However,
we allow for the noise process to have any distribution from a class of noise distributions
W. Without loss of generality we can assume that W is centered around a nominal noise

distribution W,,.

Given a particular target probability of false alarm Pr4 and probability of missed de-
tection Ppsp, our aim is to derive the sample complexities for various possible detectors,

i.e., we are interested in calculating the number of samples required IV, as a function of the



signal to noise ratio, which is defined as

EX?
EW?2

snr —=

EX?

For notational convenience, an upper case SN R is used to denote the signal to noise ratio
in decibels. Also, since the noise distribution can lie within the class W, we define snr with
respect to the nominal noise distribution W, as given in (2.2). In particular we are interested
in the sample complexity of the optimal detector, i.e., the detector which minimizes N, for

a given Pr4 and Pyp.

2.3 Sample complexity of signal detection under WGN

Now, we consider the following hypothesis testing problem:
Ho:Y[n] = Win] n=0,1,...,N -1
Hi:Y[n] = Xin]+ Win] n=0,1,...,N -1 (2.3)
Here we assume that Wn|’s are samples from a white Gaussian noise process with power
spectral density o2, i.e., W[n] ~ N(0,02). This is a special case of the general problem

in (2.1) with no uncertainty in the noise process and its statistics are completely know to

the receiver.

We restrict ourselves to this model throughout this section. We start with the most
simplest version of the problem: the case when the signal X[n] is completely known to the
receiver. Then, we make the problem progressively harder by dropping some of the simpli-
fying assumptions made above and derive the sample complexity of the optimal detector in

each case.

2.3.1 Matched filter

Here we assume that the signal samples X[n] in (2.3) are completely known to the

receiver. In this case, the optimal detector is

N-1 o
T(Y)=) Y[X[n] 2~y
n=0 Ho



This detector is referred to as a correlator or the matched filter. It can easily be shown

that [17],
N = Q' (Pp) — Q7 (Pra)P(snr)”!
= O(snr™ 1) (2.4)

Thus we see that the number of samples required varies as O(1/snr).

2.3.2 Radiometer

Now, we consider a completely opposite problem to the one in section 2.3.1. Here we
assume absolutely no deterministic knowledge about the signal X|[n], i.e., we assume that

we know only the average power in the signal.

In this case the optimal detector is

T(Y)= 3 V2] % y
n=0 0

that is, we computes the energy in the signal and compare it to a threshold. Hence it is

known as an energy detector or radiometer. In this case, it is easy to verify that [17],

N = 2[(Q 7 (Pra) - Q' (Pp))snr ' - Q7 (Pp)]”

= O(snr7?) (2.5)

Thus the number of samples, N varies as O(1/snr?) for the energy detector.

2.3.3 Sinusoidal signals

Now we assume that the signal X[n] = Acos(27 fon + ¢) in (2.3), i.e., we consider the
following detection problem:
Ho:Y[n] = Win] n=0,1,...,N -1
Hy:Y[n] = Acos(2mfon+ ¢) + Wn] n=0,1,...,N -1 (2.6)
Here we consider the cases when any subset of the parameter set {A, fo, ¢} may be un-

known. We assume that these parameters are fixed but unknown in (2.6) and hence use the

Generalized Likelihood Ratio Test (GLRT) (see [17]) for the following cases.

10



1. A unknown
2. A, ¢ unknown

3. A, ¢, fo unknown

We solve each of the following cases in order.

Amplitude unknown

Here we assume that A is unknown (2.6). The GLRT decides H if,

FOY, AHy)
F(Y[Ho)

where A is the Maximum Likelihood Estimate (MLE) of A under H1, i.e.,

A = argmjuxf(Y,A|H1)

N-1
1 1
= argmax e e Z (Y[n] — AX[n])?

2770'2) n=0

N-1
= arg mjn Z:O(Y[n] — AX[n])2

Yo Yn]X[n]
Zg:_ol X?2[n]

Using this A to calculate the likelihood ratio we have the following detection rule

N-1 2 H
T(Y) = (Z Y[ﬂ]X[n]> 2
n=0 Ho

The performance of this detector can be easily calculated and we get

P P,
Pp=Q(Q! <%A> — VN -snr)+Q(Q ! (%) + VN - snr) (2.7)
It can be observed from the above equation that for a fixed Prg and Pp, the number

1

of samples N varies as snr~+. Thus even when the amplitude is unknown the sample

complexity varies as O(1/snr).

11



Unknown Amplitude and phase

Now, we assume that both A and ¢ are unknown in (2.6). As before we use the GLRT

and decide upon H;y if

f(Ya Av ¢§|H1)
Log(Y)="——~— 2.8
)= ) (%)
where fl,gz@ are the MLE’s of A and ¢ under H; respectively, i.e.,
A,¢) = argmax f(Y,A, ¢|H
(4,9) = argmax f(Y, A.0[2)
1
= argmax ————— €x — Acos(2m fon +
g(A7¢) (27[_0'2)% p 2 YD) Z fO ¢))
N-1
= argmin Y (Y[n] — Acos(2rfon + ¢))>
(Ae) =5
N-1
= arg(min) Z (Y[n] — oy cos(2m fon) — ag sin(27 fon))?
aa2) 20
Where a; = Acos(¢) and as = —Asin(¢). We can easily optimize the above expression

and obtain the MLE’s of A and ¢ to be

A = v a1+ ag

~

¢ = arctan(—%)
aq
where,
g N-1
a, ~ = Y'[n] cos(27 fon)
Nn:O
g N-1
dy ~ ¥ Y'[n]sin(27 fon)

3
Il
=)

for fy not near 0 or % Note that we can choose any fy € (0, ) by sampling the original

continuous time sinusoid at a suitable frequency greater than the Nyquist frequency.

Substituting the MLE’s in (2.8) and taking logarithm we get

N-1 N-1

1 o ~ o ~

InLs(Y) = ~5,2 g —2Y'[n]A cos(27 fon + @) + E A2 cos? (2m fon + @)
n=0 n=0

12



Using the parameter transformation we have d; = A cos(¢), dy = Asin(¢) so that

N-1
Y [n)A cos(27 fon + )
n=0
N-1 ) N—1 A
= Y[n] cos(2m fon) A cos dy — Z Y'[n]sin(27 fon)Asin a
n=0 n=0
N
= (i +dy”)
2
Also, making use of
N-1 N
Z cos2(27rf0n + @) ~ 5
n=0
results in
_ 1 N .o, .o, N
InLa(x) = 952 [ 25 (dr” +d”) + 5 A }
1 [ N, .
= 7952 [_5(0412 + 0422)}
N o .9
402 2
152 (a1 4 az?) (2.9)
or we decide H; if
N 9, .9
@(al + a®) > In~vy
N /9\2 | /Nt 2 N_1 2
= 17 <N> <n§::0 Y[n] cos(27rf0n)> + <n§::0 Y[n] sm(27rf0n)> > In~y
11| ?
= =N nZ::O Y{n] exp (—j2mfon)| > Iny
1
= Szllfo) > 1Iny (2.10)

where I(fy) is the periodogram evaluated at f = fy. Thus, the sample complexity in this

case turns out to be

1

Pra
where A = N - snr and @Q X72(N) is the tail probability of the standard chi-squared random
variable with 2 degrees of freedom and noncentrality parameter . It is clear that N - snr
is the only variable in the above equation for fixed Pr4 and Pp. Thus, in this case also the

sample complexity varies as O(1/snr)

13



Amplitude, phase and frequency unknown

Now, we assume that the frequency fo is also unknown in (2.6). Here we assume that
the continuous time frequency of the signal f can lie anywhere from (0, fy,4,). However, by
sampling at a greater rate than 2f,,, we can also make sure that the discrete frequency
fo lies in (0, %) Therefore there is only a bounded set of uncertainty in the frequency
of the discrete time signal. Similarly assuming that the original continuous time signal is
within a narrow band (f — W, f + W) does not help too much, because the frequency of the
discrete time signal will again lie in (0, %) To summarize, the amount of uncertainty in the
frequency is not a real issue while detection discrete time signals. Now, we try to solve the

detection problem assuming that fo € (0, 3).
When the frequency is also unknown in (2.6), the GLRT decides H; if

f(Ya Ay an f0|H1)
f(x|Ho)

or
max g, f(Y7 Av (ng fO’Hl)
f(x|Ho)

Since the PDF under Hy does not depend on fy and is nonnegative, we have

max f(Ya Av ng f0|H1)
fo f(x|Ho)

taking the logarithm in the above inequality, we have

f(Ya Av ng f0|H1)

In max > In
B FdHo) !
and by monotonicity of log we can write this as
F(Y, A, ¢, folHa)
max In > In
o J(x[Ho) !

but from (2.10) we have

W FO A0 folHy) _ 1(fo)

f(x[Ho) o

so finally we decide Hy if

n}axl(fo) >ollny =+
0
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Thus, this detector detects that the signal is present if the peak of the periodogram exceeds
a threshold. Assuming that an N-point FFT is used to evaluate I(f) and that the maximum

is found over the frequencies fi = % for k=1,2,..., % — 1, we have that

N_
Pp = Q3 <2ln 2}3 > (2.12)

FA

Here we assume that the actual frequency fy is a multiple of % Clearly there will be some

loss if fp is not near a multiple of %

Fig. 2.1 plots the sample complexities of all the examples discussed in this section.
Observe that the radiometer and the matched filter have the best and the worst sample
complexities respectively, while the rest of the cases lie strictly between them. Also, observe
that the lack of knowledge of frequency of a sinusoid does not affect the sample complexity

by much. The sample complexity is still quite close to O(1/snr) as seen in the figure.

2.3.4 BPSK detection

We have shown that the radiometer is the worst case possible. This is expected because
the radiometer assumes minimal knowledge about the signal, namely only the average power

in the signal. The cost paid is an increase in the the sample complexity, which is O(1/snr?).

Now, we assume that the in addition to knowing the power of the signal, we also
know that structure of the modulation scheme used by the transmitter. For concreteness,
we assume that the signal is random BPSK modulated data. However, all these results

continue to hold for any general zero-mean signal constellation with low signal amplitude.

Hence our detection problem is to distinguish between these hypotheses:

Ho:Y[n] = Win] n=1,...,N

Hi:Y[n] = Xn+Win n=1,...,N (2.13)

where W[n] are independent, identically distributed N(0,c?) random variables and X [n]

are independent, identically distributed Bernoulli(%) random variables taking values in
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Sinusoidal detection —— Sample Complexity
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= Matched filter

= Amplitude unknown

= Amp and phase unknown

- Amp, phase and frequency uknown
- Energy detector H

Iog10 N
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-30 -28 -26 -24 -22 -20 -18 -16 -14 -12 -10
SNR (in dB)

Figure 2.1. The sample complexities of the various detectors discussed in section 2.3 are plotted in this
figure. These curves (read from top to bottom in the figure) were obtained by using the sample complexities

derived in the equations (2.5), (2.12), (2.11), (2.7) and (2.4) respectively.
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{—\/ﬁ, \/]_3} Finding the log-likelihood test statistic is straightforward and yields:

N
T(Y) = Zln [cosh (gY[M)
n=1

Choosing a suitable threshold ~ such that the target error probabilities are met, gives us

(2.14)

H
the following detection rule: T'(Y) 21 .
Hy

Since we are interested in the low SNR regime, the number of samples required is large.
This implies that the test-statistic 7(Y) is a sum of a large number (N) of independent
random variables. Thus, we can use the central limit theorem? (see [3]) to approximate
the log-likelihood test statistic, T(Y) as a Gaussian. This approximation helps us to get a

closed form expression for the sample complexity of the optimal detector,

y - [ )T - @ Py TEI |,
E E(T(Y)[H1) — E(T(Y)|Ho) :

where V(.) stands for the variance operator. In order to compute the sample complexity we
need to evaluate, E(T(Y)|H;) and V((T'(Y))|H;) for i = 0, 1. Since, the snr is low, we can
use Taylor series approximations and show that the sample complexity varies as O(1/snr?)
(see (A.13)). The derivation of this result is not essential for the rest of the thesis, and

hence it is postponed to appendix A.

Our shows that knowing the signal constellation does not improve the sample com-
plexity. This result generalizes to any signal constellation with zero-mean and low signal

amplitude.

Fig. 2.2 shows the sample complexity of the optimal detector derived in (2.14). This
figure has been obtained from (2.15) by numerically evaluating the terms on the right hand
side for different values of the snr. The green curve (labeled as ‘Energy detector’ in Fig. 2.2)
is the sample complexity of the radiometer and the black curve (labeled as ‘Deterministic
BPSK’ in Fig. 2.2) is the sample complexity of the matched filter, which is the optimal
detector when the BPSK signal is completely known to the detector. Note that the optimal

detector performs as badly as the energy detector.

2Since we are assuming that Pra and Pap are moderate, i.e., they are not dependent on IV, the central
limit theorem continues to apply. The situation is not like the probability of decoding error in a code where
extremely tiny probabilities are targeted.
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2.4 Pilot signals

In section 2.3.4 we considered the detection of signals which are zero-mean BPSK modu-
lated, with no deterministic component. In this case we showed that the sample complexity
behaves like O(1/snr?). This is bad news in the context of cognitive radios for reasons
discussed in chapter 1. However, many communication schemes have training sequences
which can act as weak pilot signals if their structure is perfectly known. “How does the

sample complexity change in the presence of a weak pilot signal?”.

2.4.1 BPSK signal with a weak pilot

In this section we consider the problem of detecting a random BPSK signal in the
presence of a weak pilot tone. The detection problem in this case is to differentiate between

the following hypotheses:

Ho:Y[n] = Win] n=01,...,N—1

Hi:Y[n] = X[n|+ W]n] n=0,1,...,N—1

where X|[n| are sample from a random BPSK modulated signal taking values in {d(1 +
0),—d(1—0}),d= \/% and W [n] is WGN with variance 0. As before, we assume that
the noise is independent of the signal and X [n] ~ Bernoulli(1/2) are independent, identically
distributed random variables. Note that the signal X|[n| in this case has a non-zero mean

given by EX[n]| = df.

As in the pure BPSK case we can derive the sample complexity of the optimal detector.
But we face the same problem here as before, i.e., the sample complexity does not have
a closed form solution and hence we will have to resort to approximate methods again.
Instead, we first propose a suboptimal detector and derive its sample complexity. The
sample complexity of a sub-optimal detector will always give us an upper bound to the
sample complexity of the optimal detector. Hence, if the performance of this sub-optimal
detector is reasonable then we need not worry about solving for the sample complexity

of the optimal detector. Thus, in this section we first derive the sample complexity of a
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sub-optimal detector and then numerically show that its sample complexity is close to that

of the optimal detector in the low SNR regime.

Sub-optimal Detector

This detector decides H;y if

T(Y)=) Yn] >~ (2.16)

Thus, this detector calculates the empirical mean of the samples and compares it to a
threshold. The performance of this detector can easily be derived and is given by

-1
N = [Q M (Pra) — Q '(Pp))’ (9_;) snr”! (2.17)

where P is the total signal power. Thus (%) is the fraction of the total power that is

allocated to the pilot signal. From( 2.17) we observe that if,

92
<f> ~ snr

then this sub-optimal detector behaves like the energy detector and hence its sample com-

plexity is a bad upper bound for the sample complexity of the optimal detector. But,

92
<F> > snr

then N = O(1/snr) and hence the sample complexity of this suboptimal detector has the

if

same order as that of the matched filter in section 2.3.1. Thus, in this case the sub-optimal
detector performance gives us a very tight bound to the optimal detector sample complexity.
The plot of the sample complexity of this sub-optimal detector is compared to the sample
complexities of other detectors in fig. 2.2. In particular note that this sub-optimal detector

performs as well as the optimal detector in the low snr regime.

Thus we have shown that, by designing a suboptimal detector that just searches for
known pilot signals, we can substantially reduce the number of samples required to detect
when the snr is low (see fig. 2.2). Furthermore, these observations hold for general zero-mean

signal constellations also, as long as the signal amplitude is low.
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BPSK —— Sample Complexity
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T

Energy Detector
Undecodable BPSK
BPSK with Pilot signal
Sub-optimal scheme ||
Deterministic BPSK

12

0 | | | | |
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Figure 2.2. The figure compares the sample complexity curves for an undecodable BPSK signal without a
pilot and the sample complexity curves of an undecodable BPSK signal with a known pilot signal. The dashed
green curve shows the performance of the energy detector, the pink curve corresponds to the performance of
the optimal detector. Both these curves are for the case without a pilot signal. These curves show that the
energy detector performance is same as that of the optimal detector. The red curve gives the performance of
the optimal detector in the presence of a known weak pilot signal. Note, that there is a significant decrease
in sample complexity due to the known pilot signal, especially at very low SNR’s. Specifically, at low SNR,
the sample complexity changes from O(1/SNR?) to O(1/SNR) due the presence of the pilot.
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Chapter 3

Noise Uncertainty

3.1 Introduction

In section 2.2 we formulated the problem of signal detection as a hypothesis testing
problem and derived the sample complexity of the optimal detector for the special case of
Gaussian noise in section 2.3.4. In this chapter we relax the Gaussian noise assumption,
and assume that the noise lies in some neighborhood of a nominal Gaussian. We then derive
the sample complexity of moment detectors. For clarity of analysis we continue to assume
the the signal is random BPSK-modulated with low signal power. However, all the results
derived here, can easily be extended to any general zero-mean signal constellation as long

as the signal amplitude is low.

We begin by motivating the need for relaxing the Gaussian noise assumption and then
propose a model for the class of distributions that noise is allowed to choose. Under this
model, we show that the sample complexity of moment detectors is infinite for SN R’s below
a certain threshold, i.e., detection is impossible using these moment detectors below this
threshold. We close this chapter by arguing that our noise uncertainty model is minimalistic

and show that our results continue to hold under any other reasonable uncertainty model.
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3.2 Need for an uncertainty model

Noise in most communication systems is an aggregation of various independent sources
including not only thermal noise at the receiver, but also interference due to nearby un-
intended emissions, weak signals from transmitters very far away, etc. By appealing to
the Central Limit Theorem (CLT), one usually assumes that the noise at the receiver is
a Gaussian random variable. But we know that the error term in the CLT goes to zero
only as \/Lﬁ, where N is the number of independent random variables being summed up to
constitute noise (see theorem 2.4.9 in [3] for details). In real life IV is usually moderate and
the error term in the CLT should not be neglected, especially while detecting low SNR

signals.

For example, consider X1, X5, -+ be ii.d. with EX; = 0 and IEJXZ-2 = 02. Let Fy(x)
be the distribution of Wy := M\fﬁ“{" and N (x) is the standard normal distribution,

then from theorem 2.4.9 in [3], we have

Fx(z) - N(2)] < K\/LN

for some constant K. This means that the actual distribution function Fy(z) is within
a certain band of the Gaussian distribution N (x). Now, consider a very weak zero-mean
signal X that is added to W . If the signal power is weak then the distribution of the signal
plus noise will also lie within a band of the Gaussian distribution. In this case, it is possible
that the receiver detects the presence of a signal even when it is actually absent. This is

possible because, the error term in the CLT might start looking like a weak additive signal.

Therefore, it is clear that in this simple example, detection can become very hard if the
receiver makes the assumption that the noise is perfectly Gaussian. Further, as the CLT is
a statement about convergence in distribution, we cannot tell anything about the behavior

of the moments of the noise.

The above discussion leads us to the conclusion that the actual noise process is only

approximately Gaussian. However, most receivers work under the Gaussian assumption of

2

noise and try to measure the noise variance o,

(assume that ‘n’ stands for nominal and ‘a’
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stands for actual in all the subscripts hereafter). Therefore it is important to understand
how the detection procedures designed under the assumption of Gaussian distributions work

when there are deviations from the Gaussian assumption.

3.3 Noise uncertainty model

We know that the receiver can try to estimate the noise distribution by taking a large
number of samples. But, there will always be some residual uncertainty in estimating
the noise distribution. We model this residual uncertainty by assuming that the receiver
can narrow down the noise process only to within a class of distributions denoted by W,,
where x parameterizes the amount of residual uncertainty. We call this set, the uncertainty
class of noise for a given receiver. In general, the uncertainty class of noise includes a
nominal noise distribution, based on which receivers design their detection procedures.
From the discussion in the previous section it is reasonable to assume that the nominal
noise distribution is Gaussian. This is a very practical assumption and most of the receivers

built are designed for operating under this nominal Gaussian assumption.

To begin with we need to make the following basic assumptions on this set W, :

e The noise processes in this set must all be ‘white’, i.e., samples are i.i.d.

e The noise processes must be symmetric, i.e., if W, € W, then we assume that

IEVVL?‘YC_1 = 0. We make this assumption for physical reasons.

Finally, we need to model the fact that there is at most = dB of uncertainty in the noise

processes in W,. Therefore, for every noise random variable W, € W, we assume that

e All the moments of the noise process must be close to the nominal noise moments, i.e.,

we assume that EW?2¢ ¢ [LEW2* o EW2*], where W,, ~ N(0,02) is the estimated

«

nominal Gaussian random variable and o = 10%/10 > 1. That is,

Ew2k
Wy = {W : a

1
“: Ewn € [a,a] Wi ~ N(O,Jg)} (3.1)
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Having proposed a model for noise uncertainty, we rewrite the detection problem incorpo-

rating our model.

3.3.1 The problem of detection under uncertainty

For concreteness we rewrite the detection problem in (2.1) for our specific uncertainty

model. As before, we formulate it as a binary hypothesis test between

Ho:Y[n] = Win] n=1,...,N

Hi:Yn] = Xn+Win n=1,...,N (3.2)

where W € W, and X can be any general zero-mean digitally modulated signal with low
signal amplitude, and is independent of the noise processes. However, as mentioned before,
we focus on the case when X is random BPSK modulated data, ie., X ~ Bernoulli(%)

taking values in +/P.
We now use the following definition of a robust detector in our formulation.

Definition 1: A statistical procedure is called robust, if its performance is insensitive

to small deviations of the actual situation from the idealized theoretical model.

In particular, we require that a robust detector meets both the target! probability of
false alarm Pr 4, and probability of missed detection Pysp, regardless of which possible noise
process actually occurs. Otherwise, we say that detection is impossible with this particular
detector under our uncertainty set W,. This makes sense because the uncertain set W,

models post-noise-estimation uncertainty.

Given the above formulation, our ultimate goal is to find out if there exists a robust
detector for our problem. It turns out that the analysis of this case is hard and hence we
consider a particular class of detectors, namely moment detectors and show that they are

non-robust under noise uncertainty.

'The target Pra and Pap are parameters that certainly will impact detection performance in terms of
sample complexity. However, our primary interest in this paper is in showing detection-impossibility results
as a function of SNR. Thus, we will not dwell on the quantitative impact of the chosen Pra, Parp on our
results.
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Also, for calculations in the next section, we recall that the moments of W,, ~ N(0,02)

random variable are given by

0 if kis odd;
EWF =

1-3-5---(k—1)oF if k is even.

For convenience, we use the following notation
2k—-1!N:=1-3-5---(2k—1)

therefore, we denote the even moments of a Gaussian random variable by EW 2% = (2k —

N g2k,

3.4 Implications of noise uncertainty

Analysis of (3.2) for the optimal detector is mathematically intractable. Therefore, we
focus on a class of sub-optimal detectors (moment detectors) and show that detection is
impossible for these detectors at sufficiently low SNR’s. Before we try to answer this general

question, lets review the radiometer case, [26] (second moment detector).

Clearly, if 02 = 02 + P the radiometer can be made to believe that the signal is present
even when the signal is actually absent. On the flip side, if 2 + P = o2 the radiometer
thinks that the signal is absent even when it is actually present. Thus, this example clearly
illustrates that if the SN R is sufficiently low, there is enough uncertainty in the noise to

render the radiometer useless.

Recall that we use lower case snr to denote the signal to noise ratio and reserve SN R to

denote the signal to noise ratio in decibels. We now give the following important definition.

Definition 2: Define snryqu (SN Ryq) to be the maximal snr (SNR) such that for
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every snr < snryai (SNR < SN Ryq) detection is impossible for the particular detector?.
(2k)

In particular we denote 37”’1([;2 Z)l (SNR,

) for the special case of 2k-th moment detectors.

Now, we try to see if the same threshold behavior as in the case of the radiometer is observed

for more sophisticated detectors that look at higher moments of the received signal.

Theorem 1: Consider the detection problem in (3.2), under the 2k-th moment detector.
Here we assume that the actual noise distribution lies in the uncertainty class W,, which
is centered around a nominal Gaussian W,, ~ N(0,02). Under this model, we prove that

there exists an SN R wall (37””1(5 Z)l) for each 2k-th moment detector. Further, we show that

(2k)

way Satisfies

the snr

a—1 a—1 (k) _ a—1
— < < .
: [1 5 OJ < snrpa < : (3.3)

where o = 10%/10.

Proof: ~ The test statistic for the 2k-th moment detector is given by: T(Y) =
+ Zf\il Y[i]?*, where Yi] is the i-th received sample. It is easy to see that the detec-
tor in consideration fails if the mean of this test statistic under both the hypothesis are

equal. This can happen in the following two ways.

Case I: EW2F = E[X + W,,]?*, i.e., the actual noise moments are high enough to make
the receiver wrongly believe that there is a signal present. This makes the false alarm
probability, Pr4 go to 1. We begin by expanding E[X + W,]?* and re-writing the condition

as

2k a 2k 2k—2i 21
EWHF =" o JEWL T EX (3.4)
=0

Dividing by EW?2* on both sides of (3.4) we get,

2This definition of course depends on the detection problem of interest. We are assuming that the
detection problem under consideration is the one given in (3.2). Specifically we are assuming that we are
detect the presence or absence of a zero-mean randomly modulated BPSK signal under the noise uncertainty
model in (3.1).
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Ew2k

a

EW2F

2k—21 )
2k EWn EX22
21 EW 2k

_ 2k (1-3---(2k—2i— 1)\ EX%
o\ 2 1-3---(2k—1) o2

1
<.
> |l Mw
o

=0
k (2’?) .
= % snr'
2k —2i+1) - (2k— 1)
1
= 1+k-snr+---+msm‘k (3.5)

Until now we have not used the fact that the actual noise random variable W, € W,,

2k
ie., é < EVM‘;—G% < «. Since, the right hand side of (3.5) is greater than 1, and is also
monotonic in snr, sm‘ff fl)l must be a solution to

1
a = 1+k‘snr+-~'+msnrk (3.6)

: (3) i
- ;(2k—2i+1)----(2k—1) s (37)

From (3.7) it is obvious that 1 + k - snr < «. This simplifies to give snr < O‘T_l, which

is the desired upper bound in (3.3). To get a lower bound, we substitute this upper bound

into (3.7)
k (2k) a—1 i
< 2i
@ = ;(2k—2i+1)--~(2k—1)< 2 >
k .
< 1+k‘snr+2(a—1)l
=2
< 1+k-snr+2(a—l)i
=2
(@ —1)
= 14k a-) .
+ k- snr+ 7o (3.8)
forl<a<2.

2k
In the second inequality above we have used the fact that =% +12)f?“(2k_1) % < 1 for

k > 2. Re-writing (3.8) as
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2 —«

k-snr> (a—1) [1—0‘_1]

we get the lower bound in (3.3).
Case II: E[W,,]?* = E[X + W,]?*, ie., the actual noise moments are lower than the

receiver’s estimate by enough so that the receiver fails to detect the signal. In this case the

missed detection probability, Pysp goes to 1. Expanding E[X + Wa]zk, we must have

21

Eng — Z <2k> EW2k 2i EXQZ
=0

As in the previous case, dividing by EW,2*, we get
k 2k—2i
Z 2]<: EW; Ex2
EW%
=0

which simplifies to

1 = Ek: 2k 1-3---(2k —2i — 1) EX% EW2k—2i
N 2i 1-3--(2k—1) o2 Ryl

1=0
— Zk: (22]:) P EWC?k_%
e (2k—2i41) - (2k— 1) R k-2
EWWC Ew2k 2 1 .
= EW2k + k- sn T’W +...+ msnr (39)

21
Now, using the condition that W, € W,, we must have %%%l > é, for all [ < k.

Substituting this in (3.9) we can easily see that snrfuz fl)l must be a solution to

1 1 1 .
1 = E—Fk‘ST‘LT‘E—F...—FmSHT
1
> o = 1+ksnr++msnrka (310)

Equation (3.10) looks very similar to (3.7). In fact it is exactly identical to it except the

‘e’ in the last term on the right hand side of (3.10). As a > 1, the snr solution to (3.10)
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(2K)

wall

is strictly smaller than the solution to (3.7). Therefore, the final snr is given by the
solution to equation (3.10). However, the difference between the solution to equations (3.7)
and (3.10) is tiny in the interesting case when o =~ 1. Thus, the lower bound in (3.3)

continues to hold even for this case (see fig. 3.1). [ |

Remarks 1: e Note that the difference between the derived upper and lower bound

(in dB) is —10logy [1 - %} ~ —10(a — 1)logy( 2, for a ~ 1. This shows that the

gap between our bounds is negligible compared to the value of the SN Rfffl)l (Refer to

fig. 3.1).

(2k)

wall

e Also, note that the position of SNR varies as a logarithm of k£ and hence checking

for large moments buys us very little in terms of detectability.

e Finally, from fig. 3.1 it is clear that the upper bound in (3.3) is very tight compared
to the lower bound. This makes sense because the lower bound was obtained using

very weak bounding techniques. So, for all practical purposes we can assume that the

(2k)
wall

is given by the upper bound in (3.3), i.e., snr

location of the snr (2k) ozT—l

wall ™~

3.5 Discussion of results

Theorem 1 shows that when the signal to be detected is random, non-detectability is
always a problem at low enough SNR’s regardless of how many samples we take or which
moment we look at. A perfectly known signal, on the other hand, can be detected even under
such noise uncertainty since we get coherent processing gain using the matched filter. The
signal is isolated, while the noise is averaged. The moments of the averaged noise decrease

to zero as the number of samples increases regardless of where it lies in the uncertainty set.

In retrospect, the result of theorem 1 is not very surprising. In any binary hypothesis
testing problem, with simple hypotheses, the distribution under each hypothesis determines
how well it is possible to differentiate between the two hypothesis. For example, if both
the hypotheses are the same then there is nothing to differentiate between them. This

observation is trivial and relatively unimportant. Now, lets consider the case when both
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Figure 3.1. The location of the SNRS:I)I (in dB) for 2k = 2,10, as a function of the noise uncertainty =
(in dB) is plotted in this figure. The red curves in the plot have been computed numerically by calculating
the root of the equation (3.7), the blue curves are computed using the lower bound in Theorem 1, and the

black curves are plotted using the upper bound in Theorem 1.
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the hypotheses are composite, i.e., both the hypotheses can represent a class of distributions

and not a single distribution as before. What happens if these distributional classes overlap?

On some thought it should be clear that one cannot guarantee reliable detection, i.e., for
any possible detector, the error probability can never be made arbitrarily small. In other
words there does not exist any robust detector in this case. When thought carefully, this is

the essence of our result.

The minor difference between the argument given above and our result is that, we restrict
ourself to a specific class of detectors and we show that the distribution classes under both
hypotheses overlap. Note that the overlap of distributional classes is conditioned on the
fact that we are constrained to use a particular class of detectors, i.e., we are using only a

subspace of the information by restricting to these sub-optimal detectors.

The same argument is pictorially presented in Fig. 3.2a. The horizontal line represents
the possible locations of the test statistic 7(Y), and the 2k-th moments under both hy-
potheses are marked as two points on this line. The dotted vertical line represents the
threshold v which divides the whole space into two decision regions corresponding to the

two hypotheses.

Now, let us see how the picture changes when we consider uncertainty in noise. Ac-
cording to our model for uncertainty, noise can have a set of possible 2k-th moments under
both hypotheses, which are denoted by intervals in Fig. 3.2b. For low signal powers, these
two intervals must overlap, as shown by the shaded region. Note that whatever threshold
v (vertical line in the figure) we choose, the detector cannot guarantee that both Pr4 and
Pyrp are low enough for all the noise processes in the set W,. Due to the shaded region,
at least one of Pr4 and Py;p can be made to go to 1. Therefore, the moment detectors are

useless for detecting signals below the SNR, wall.
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Figure 3.2. This figure pictorially depicts the two hypothesis and the threshold in a 2k-th moment detector.
The figure on the top shows the case when there is no noise uncertainty and the one in the bottom is the
case when there is noise uncertainty. Note that under noise uncertainty and sufficiently weak signal power,

there is an overlap region under both hypotheses, which renders the detector useless.
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3.6 Approaching the SNR wall

Figure 3.3 shows the sample complexity of moment detectors near the SNR wall. The
green curve shows the sample complexity of the radiometer without noise uncertainty (N =
O(1/SNR?), slope =2). The remaining curves in the figure show the sample complexities
of various moment detectors with noise uncertainty. Recall that the test statistic for a 2k-th
moment detector is given by T(Y) = & sz\i L YTi]?*, where Yi] is the i-th received sample.
The values of N we are considering here are very large, in fact larger than the number of
samples required for the radiometer without noise uncertainty. Also, our target probability
of missed detection and false alarm are moderate, i.e., not changing with IN. Therefore the
Central Limit theorem is a good approximation here (Note that the error in the central
TY)-NEYZ®  ar

. . T
limit theorem decays as 1/4/N. [3]). Hence, we assume that TNoar (V)

reduces the problem into a standard binary hypothesis testing problem with different mean

(0,1). This

under both hypotheses. Therefore, N is given by:

Q7 e [V Hy) - Q7 (Po) [V )
V= E(V2H )~ BV Ho) 3.1

where V(.) stands for the variance operator. Recall that the detector must hit the target
error probabilities uniformly over the whole uncertainty set W,.. Therefore, the sample com-
plexity is dominated by the case when the difference in means (denominator term in (3.11))
in the above equation is minimized.

Thus, the sample complexity required to meet our performance targets uniformly over

(2k)
wall*

the uncertain noise tends to infinity as the SNR tends to SNR Also note that these

performance curves shift to the left by 10log k&, which verifies that the upper bound obtained

in theorem 1 is very tight.

3.7 Other possible noise uncertainty models

One might argue that the results in section 3.4 arise due to the specific model we used

for noise uncertainty, and that they are not fundamental. In this section, we try to show
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Figure 3.3. This figure shows the sample complexity of the moment detectors (number of samples as

a function of SNR) at a moderate noise uncertainty of x = 0.5 dB. The curves in this figure have been

computed using the equation (3.11)
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that our model is a minimalist model and any other reasonable noise uncertainty model
will lead to an uncertainty class which includes our uncertainty class. Thus in practice, the

problem will only get worse.

For example, consider the simple case in which the receiver assumes that the noise is
Gaussian, but its estimate of the noise variance is off by some factor, i.e., the receiver
estimates the noise variance to be o2, whereas the actual noise variance is 02 (0, # 0,). If

2k
on > 04 then the ratio of their 2k-th moments is (‘;—2) , which goes to infinity as k — oo.

On

2k
Ua) goes to zero as k — 0o. Therefore we have shown that

Conversely, if 0, < o, then (
even such a simple case is not included in our noise model. In fact, the above argument
also shows that our uncertainty class W, includes just one Gaussian, W,, and contains no

other Gaussian random variable.

Motivated by the above example, we propose an alternative noise uncertainty model.

As before, the basic assumptions on the noise remain the same, i.e.,

e We assume that all the noise processes in the uncertainty set to be white.

e Also, we assume that the noise distribution is symmetric, and hence all the odd

moments of the noise random variables are zero.

2 .
=, le.,

e Now, suppose that the user estimates the noise to be Gaussian with variance o
W, ~ N (0,02). Define the new noise uncertainty set W, to be the set of all noise
random variables, Wa such that the moments of Wa are all sandwiched between the

corresponding moments of é W, and aWn, ie., IEWG% € [a—%kEvask , a2k Ewgk] where

a = 10@/10)  In other words,

N Rk N
Wy = {Wa' EWa o [ ! aﬂ W ~N(0,ag)} (3.12)

. - oK
IEW,%’“ Oé2k

This model is very practical, since in real life, most receivers are not sensitive enough to
be able to differentiate between two Gaussian random variables with very close variances.

Under this model, we now show that there exists a single threshold below which every
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possible detector fails to detect the signal. Thus, under this model robust detection becomes

absolutely impossible.

For our convenience we rewrite the detection problem under the new noise uncertainty

model

Hi:Y[n] = X[p]+Whn] n=1,...,N (3.13)

where W € W, and the remaining setup of the problem is same as in (3.2).

Theorem 2: Consider the detection problem in (3.13). Here we assume that the actual

noise distribution lies in the alternate uncertainty class W, described in (3.12). Under this

*

model, we show that there exists an absolute SNR wall (snr’ .,

) for any possible robust

*

3
detector®. Further, the snr; .,

(the * is used to refer to the fact that it is an absolute wall)

satisfies

* min snr

snr =
wall £>0

(k) < 32 1 (3.14)

wall —

where snrfﬂz C]fl)l is the snr wall for the 2k-th moment detector and o = 10%/10,

Proof: 1t is clear that, detection is absolutely impossible if there exists a noise distribu-
tion Wa € VNVw, such that Wa = /Wn + X or Wn = Wa + X, i.e., either Pr4 goes to 1 or Pyp

goes to 1 respectively. We show that the first condition is satisfied, i.e., /I/Iv/a = /I/Iv/n + X.

Observe that

W, = We+X (3.15)

& EWf = E[W, + X]* for every k >0 (3.16)

Since (3.16) is trivially satisfied for k& odd, we consider only the case when k is even. Now,

fix k = 2ky. Therefore we must have

EW2k = E[W, 4+ X]?* (3.17)

3Whenever we refer to snryqy in this theorem, we are referring to the wall with respect to the detection
problem in (3.13) and with the noise uncertainty model given by (3.12)
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Expanding the above equation, we have

7 2ko ko T 2ko—2i ,
EWa " Z(”‘{O) EWi ™7 ) g2
EW;r o\ 2 EW 2k

B f: %o\ (1-3---(2ko —2i — 1)\ EX¥
N —\ 2 1-3---(2kg — 1) o2

ko 2ko
_ (%) o

— (2ko — 20+ 1) -+ (2ko — 1)

%

(2

1
= 1+k0-snr+---+msnrk° (3.18)

—_— —_— 72k
Since, W, € W,, we must have E%%kg < a?ko. Using this bound for the left hand side

of (3.18), we get

1
2ko . e — = ko
a0 >14ky-snr+---+ ko — 1)1 snr (3.19)
The above equation is exactly the same as in (3.7), and hence we must have
2ko __ 1
snr < snrl(vzfl(;) < QT (3.20)
0

for all kg > 0. Here the second equation follows from theorem 1, when applied for the case

when o = a?%0. Hence, detection is impossible iff

W, = Wp+X

s EWHe = E[W, + X]*o, Y ko >0
2ko
. .ot —1
& snr < min snr@kﬁ) < min
ko>0 W4 k>0 ko

. 2%
o osnr < min snrfmﬁ) |
0>

2t_1
t

a is

Here the last step is true because of the following fact. The function f(t) :=
monotonically increasing in t € (0,00) for all & > 1. This can be verified by differentiating
f(t) and showing that the first derivative is strictly positive for ¢ > 0. Hence, we must have

2k
.« 0—1_ 9
min————=a“—1
k>0 ko

Therefore, it follows from the definition of snr} .. that,

. 2k
snrk o = min snrfmﬁ) <a?—1 (3.21)

which is the required result. |
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Remarks 2: In the proof of the above theorem, we have denoted snrfﬂz fﬁ) to be the

solution? to the equation

1
2k pr— . DR _—_— k
a0 =1+4+ky-snr+---+ Bk — )T snr’ (3.22)

The name coincides with the fact that, this is indeed the location of the SN R wall for the
2ko-th moment detector for the detection problem in (3.2) with the noise uncertainty given
2ko (

instead of « as before). Now, consider the solution to equation (3.22) as kg

varies. We conjecture that the snrﬁfﬁ)

by a = «
is monotonically increasing in kg for any o > 1.
This have been verified numerically for large enough values of k¢ and some of the plots are
given in fig. 3.5. If one believes in the above fact then, we must have

(2ko) (2)

IIrol;% SNT yall = SNyl
= o?—1
Using this in (3.21), we get
snrh o = o —1 (3.23)

This gives us an actual closed form expression for the location of the SN R wall under this

alternate model.

In theorem 1 we derived bounds on the SN R walls for the various moment detectors,
under our minimalist noise uncertainty model. There it was shown that the SNR walls
decreases as we check for higher moments and hence the radiometer had the highest value
for SN R wall, given by o — 1. This is equivalent to a? — 1 in our model, because in the
minimalist model, the uncertainty in the second moment is bounded by «, whereas in this
model the uncertainty in the second moment is bounded by o —1. Comparing this to (3.23)
we see that, the walls obtained under the alternative noise uncertainty model are greater
than or equal to those obtained for moment detectors in theorem 1. The equality occurs
specifically in the case of the radiometer (see fig. 3.4). This suggests that in real life the

problem of non-detectability can be worse than suggested by the results in theorem 1.

4By solution, we mean the roots of the ko-th degree polynomial given in (3.22). In general this equation
will have ko roots, but we are interested in the non-negative root only, since snr > 0. However, it is easy to
show that there is a unique non-negative solution to (3.22). Hence the term solution is unambiguous in this
context.
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3.7.1 Discussion

Again, observe that the result in theorem 2 is due to the fact that the distributional
classes under both the hypotheses in (3.13) overlap. The only difference in this case is
that there is overlap irrespective of the detector used, and hence detection is absolutely

impossible below a certain threshold.

*

In fig. 3.4 the green curve is a plot of the snr

; as a function of the uncertainty in the

noise . This curve has been obtained by numerically finding the minimum of snrffﬁ) for a
large range of values of k. The red curve in the plot is the upper bound for snr} ,, obtained
in (3.21). Both these curves are exactly lying over each other. This shows that (3.23) is

indeed true. Finally, the blue curve in the plot is a plot of the snr..; for the radiometer

*

» all» 18 exactly equal to the snr gy

obtained in theorem 1. Observe the that the absolute snr

for the radiometer, as observed before.

Figure 3.5 plot the solution to (3.22) as a function of kg, for three different values of
x. These figures show that the solution to (3.22) is indeed monotonic in k¢ as conjectured.

This shows that the minimum in (3.21) is indeed attained for ko = 1.
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Figure 3.4. Variation of snri,,; is plotted as a function of the noise uncertainty x. The green curve is
a plot of the snr),,;. This curve has been obtained by numerically finding the minimum of snrffﬁ) for a
large range of values of ko. The red curve in the plot is the upper bound for snr},,; obtained in (3.21).
These curves are compared with the blue curve which is the snr.q.;; for the radiometer under the minimalist

uncertainty model in theorem 1. Note that all the curves lie on top of each other. This shows that (3.23) is

indeed true.
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Chapter 4

Finite Dynamic Range and

Quantization

4.1 Introduction

In chapter 3 we motivated the need for taking the uncertainty in noise into considera-
tion while detecting weak zero-mean signals. We proposed two models for the uncertainty
in noise, where we assumed that the noise distribution can lie in a class of distributions
Wy, )7\/;) For both these models we discussed the sample complexity of various detectors.
In particular we showed that under the minimalist model discussed in section 3.3, detec-
tion is impossible for moment detectors, at low SNR. Under the alternate model for noise
uncertainty in section 3.7, we showed that robust detection becomes absolutely impossible

for any detector.

Another aspect of practical systems that has not been considered yet is: receivers having
a finite dynamic range limitation. In practice the front ends of receivers have a finite
dynamic range of operation, i.e., the signal coming into the processing unit is bounded in
amplitude. In fact all the receivers have an internal A/D converter following the RF chain
(see fig. 1.2). Therefore, all the detection that the receiver does is based on quantized

versions of the received signal, not the received signal itself. In the previous chapters
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we ignored these two aspects and assumed that the receiver had infinite precision. It is
intuitively clear that the finite dynamic range assumption and quantization should make

detection harder.

In this chapter, we show that detection is impossible for any detector even under our
minimalist model if the receiver has a finite dynamic range of operation. In particular this
implies that all quantizers with finite number of quantization bins have to face a serious
penalty, which is non-detectability below a certain SINR. However, we consider the 2-
bit quantization case first to motivate the general impossibility result. Through out this

chapter, we work with our minimalist model for noise uncertainty discussed in section 3.3'.

4.2 Motivating example: 2-bit quantizer

In section 3.4, we have seen that noise uncertainty renders moment detectors useless if
the SNR falls below a particular threshold. Does this same behavior hold if the signal is
quantized? We analyze a 2-bit quantizer with noise uncertainty. The detection problem

under quantization can be formulated as the following hypothesis testing problem,

Ho:Yn] = QWin)) n=1,....,N

Hi:Yn] = QX[n|+W[r])) n=1,...,N (4.1)

where Q(.) represents a 2-bit quantizer. Fig. 4.1 shows that bins in a 2-bit quantizer.
Assume that the nominal noise variance is o2 and the actual noise variance is o2. In this
case, it is easy to verify that the quantizer output is a binary random variable with the

following pmf’s

d
a0 (®)

a Oq a

PV =1 [Q (M) p (M)

!Considering the minimalist model for noise uncertainty is sufficient because of two reasons. Firstly,
any impossibility result under this model, will directly imply the corresponding impossibility result in the
other model. Secondly, we already showed that under the alternative noise uncertainty model in section 3.7,
detection is absolutely impossible even without a finite dynamic range assumption.
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Figure 4.1. 2-bit quantizer

(@)

where Q)(.) is the standard Gaussian tail probability function, and p ;0 Is the probability

mass within bin j under hypothesis H;, i,j € {0,1}. Since the receiver assumes that the

noise variance is o2, it is clear that pgo) = pgl), if

ol2)-p{E7) o(27)

of2)- (A7) o(27)

In the former case, the receiver thinks that there is no signal when there the signal is

or if,

actually present and hence Py;p = 1. In the latter case, the receiver thinks that there is a

signal present when it is actually absent and hence Prg = 1.

Clearly, under both cases the two hypotheses become identical and hence the signal is
undetectable by any detector. Fig. 4.2 shows the performance of a 2-bit quantizer under
noise uncertainty and the variation of the location of the wall with the noise uncertainty
x. Comparing fig. 4.2 with the performance curve for the radiometer in fig. 3.3 we see

that the location of the SNR walls are almost the same. It is important to note that the
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walls depicted in Fig. 3.3 were specifically for radiometers, and hence other higher moment
detectors could possibly overcome them. However, the walls for the quantized detector are

absolute; the signal is completely undetectable with enough noise uncertainty.

We now consider the case when there are more than 2 quantization bins. However, as we
discussed before, we assume that the receivers have a finite dynamic range of operation. We
show that the impossibility result in the above example continues to hold even with more
number of quantization bins. In fact, we show that this result holds even in the limit of
infinite number of quantization bins, i.e., the receiver has access to the unquantized signal,
but has access to the signal only within the finite dynamic range. We prove this result

under our minimalist model for noise uncertainty.

4.3 Finite dynamic range: absolute walls

We now consider the detection problem in (3.2) with the added constraint that all
the observations are limited to within some finite dynamic range, (—M, M). Under this

assumption, we prove the following result:

Theorem 3: For detection of an unknown BPSK signal under the noise uncertainty
model described in section 3.3 and with receivers constrained to operate within a finite

dynamic range (—M, M), there exists a single snr} _,, for any possible detector.

Proof: Note that W,, ~ N(0,02) and is independent of X. Therefore, the random
variable W, + X must have a density function. The detector is unable to detect signals iff
there exits a pair of noise random variables W, and W), in the set W, such that fy, (w) =
fwoex(w) or fw, (w) = fw,+x(w), for w € (=M, M). To prove this result we construct

random variables W, € W, satisfying the conditions above.

Case I:

fw,(w) = fw,+x(w), for we (—M,M) (4.2)
We need the noise to have the same density as fy,+x in (—M,M). It is clear that if
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Figure 4.2. The plot on the top shows the variation of the SN Ryqi; with noise uncertainty x and the plot
on the bottom is the sample complexity of the optimal detector for a 2-bit quantizer, with three different
values of the noise uncertainty x. Note, that even at a very low noise uncertainty of x = 0.1 dB, the SN R a1

is at a relatively high value of —17 dB.
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we don’t restrict this equality to within this finite dynamic range, then the ratio of the
moments % — 00 as k — oo and hence the constructed distribution will fall outside
the uncertainty class. Hence, we equate the densities exactly within the finite dynamic
range and try to reduce the moments by adjusting the density outside the finite dynamic
range. Also, since the signal is very weak, it is safe to assume that |X| < M and hence,

P(|Wy| > M) > P(|W,| > M). We complete the construction of W, by defining

Fra(w) = fu, () + 1500 — M) + 8w + M)

for w € (—M, M)¢ where the constant A = P(|W,| > M)—P(|W,,| > M). Fig. 4.3a illustrates

the noise random variable W,’s density. Having constructed this random variable, all we

have to check now is whether it actually falls within our uncertainty class, i.e., if EVM‘;—EZ’: < a.
For this we start off by observing that
EWZ* 1 2% 2%
Eng = Eng [EW(I I‘Wa‘<M + M ]P)(|Wa| = M)
AEW Ty, 15 ) (4.3)
Bound the first two terms in (4.3) by
M?E[P(|W,| < M) +P(|W,| = M)] M3k
B2k S Ew
M2k
T @k— Dl o2k
— 0 (4.4)

as k — oo. Since the sequence above tends to zero, there exists some k,;, such that

EWFw,j<nr + MPPP([Wo| = M)
EWZF

<(a—1) (4.5)

for all £ > k. Table 3 lists a few typical values for k,,;, as a function of M. Now, we

can write the third term in (4.3) as
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EW2 L, 1> m _ EWﬁkl\Wn\>M<1 (4.6)
B2 EW2k = ‘

where the first step is true because W, = W,, outside the finite dynamic range. There-

fore, for k > Ky we have

Ew2k
s Sla-1+1=a (4.7)

where the first term in the inequality follows from the definition of &y, in (4.5) and
the second term follows from (4.6). This implies that W, € W, for k > kyin. For k < kpin,

we use the fact that,

EWz"  _ E(X 4 W)
EW2k ~ EW 2k

(4.8)

Note, that the above inequality is true for all k, but it gives meaningful results only for

(2k)

2k
E(X+ W)™ < aiff snr < snr, . Since we want

k < kpin. From theorem 1, it is clear that E EW 2t

this to hold true for all k < ki, we must have snr < sm‘fy2 fIT’") Using the lower bound
in (3.3), we get
a—1 a—1
< 1-— 4.9
snr < mm[ 2—a} (4.9)
Now, from (4.7) and (4.9) it is clear that if snr < /?7;1 [1 - %}, then % < «a for

*

all k, which implies that W, € W,. Therefore, we have shown that there exists an snr;, .

threshold below which detection is absolutely impossible. In fact we have shown that

a—1 a—1
* > _ .
SNTyall Z kmzn |:1 9 _ Oé:| (4 10)

Thus, we encounter absolute walls due to noise uncertainty under finite dynamic range

operation.

Case II:

an(w) = fWa+X(w)7 w e (_Ma M) (4'11)
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M kmin SNRwall(X:0.5dB) kmm SNRwall(ledB)
20y 4 -15.8 3 -12.5
3 onp 8 -18.1 6 -13.6
4o, | 12 -19.9 10 -15.8
Sop | 17 -21.4 15 -17.6
60, | 25 -23.1 22 -19.2

Table 4.1. We list kmin as a function of the finite dynamic range M for two different values
of the noise uncertainty x. For each value of M, kmi» has been numerically computed such that
EW2FL W, | <+ MPPP(Wa |=M) .

=W < (a—1). Also, the SNRyqu has been computed from equation (4.9) for
each value of knin.

In this case the receiver is fooled to believe that the signal is absent even when the signal
is actually present. In this case, we construct a noise random variable W, € W, satisfying
the condition (4.11). Begin by choosing W, such that fw, = fw,+x within (=M, M). In
this case the mass in W, is smaller than the mass in W, outside the finite dynamic range
(=M, M). Therefore, the delta function approach of case I will not work. But, this problem
can be overcome by making fw, (w) = fw, (w) for w € (=M, M;)¢, where we choose M;
such that P(|W,| > M;) = P(|W,,| > M;). Now, we need to verify that W, € W,. This can
be done exactly as in the proof for case I. Therefore as in case I, if snr < % [1 — %},

detection is absolutely impossible. [ ]

4.4 Discussion

Theorem 3 shows that the seeming gain coming from using higher moment detectors is
illusory. This is because higher moment detectors use rare large values of the test statistic

for detection, but a finite dynamic range of operation prevents this.

Intuitively, this result comes from the fact that the classes of distributions under both
hypotheses overlap due to the finite dynamic range assumption. Therefore, detection is
impossible for any possible detector. Note that this kind of absolute impossibility result
was not possible in chapter 3 because the distribution classes under our model don’t overlap

without the finite dynamic range limitation.

Also, we have shown that the actual value of the SN R, depends on the finite dynamic
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Figure 4.3. The density functions of the constructed noise random variable in both cases to prove theorem 3
is shown in this figure. The figure on the left corresponds to Case I discussed in section 4.3. Note that there
are two delta functions in the density of W, at £M. The figure on the right corresponds to case II in
section 4.3. In this figure note that there is a small hole in the density function of W, at =M. In both
these figures, the red curve corresponds to the density function of W, and the black curve corresponds to

the density function of W,,.
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range M, as shown in table 3. The values in the table suggests that if we build a receiver
with a larger finite dynamic range then the value of the SNR,,; decreases. So, it is

important to know how large a value can M take. Lets look into this little more carefully.

Recall that the error term in the Central Limit Theorem, decreases as ﬁ, where N
is the number of independent terms constituting noise. We also discussed that the value
of N is moderate. Further as M increases we are looking into higher and higher values of
the noise, whose probability is equal to the tail probability of the noise. Therefore, it is
important to ask ourselves, if we are confident about the values of noise which have such
a low probability? And the answer to this question is: we are not confident about events

whose probability is comparable to the error term in the CLT. Therefore, it makes sense to

consider only those values of M for which the tail probability of noise O(1/v/N).

Taking the above discussion into consideration, we can easily check that, a reasonable
value for M is 20,. This implies that the realistic values of the SN R,y are of the order

of —12 dB (see table 3). Hence the limitations proved in this thesis are very realistic.
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Chapter 5

Comments and Conclusions

In this thesis we have considered fundamental bounds to the detection of the presence or
absence of signals in very low SNR. We discussed the detection problem with and without
considering the uncertainty in noise. In the case when the noise statistics are assumed to be
completely known to the receiver, we showed that detection of zero-mean random signals
without any pilot tones is hard. However, we showed that in the presence of a even a weak

pilot tone the sample complexity of the detector decreases considerably.

We also discussed the problem of detection of sinusoidal signals. We show that, while
imperfect synchronization does cause us to need more samples, the increase in the number
of samples is small compared to the difference in sample complexities of the radiometer and
the matched filter. It is a general feature of coherent detection that processing gain gives

us robustness to a wide range of uncertainties in the system.

While we have assumed that the signal and the noise are independent of each other
and that the noise is white, we assume that we know the distribution of the noise only to
within some uncertain set. Even with a minimalist model of the noise uncertainty, we found
that this implies a fundamental bound on the detectable SNR if we assume that the radio
can only observe the wireless signals and noise to some finite dynamic range. Furthermore,
we showed that detection is absolutely impossible even without this finite dynamic range

limitation if we assume that the noise has a bigger distributional uncertainty class.
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While our arguments have been focused on the BPSK transmission case, theorem 1, 2
and 3 are not limited to this case. It is not hard to extend our proofs to general zero-mean
signal constellations with low signal amplitude. In addition, we believe that these results
reflect the generic difficulty of the low SNR signal detection problem and not peculiarities
of our model. For example, let us consider the case when the signal is no longer white.! In
that case, it is possible to use feature detectors (see [8], [9]) to exploit the colored nature
of the signal. However, in such cases, it will also be natural to consider our noise as being
only approximately white. After all, it reflects the sum of many different physical sources
of undesired signals, not all of which are white! For example in real life, mixers in receivers
are non-linear and hence actual signals from other bands are also mixed into the original
signal. For low enough SNR, we suspect the structure brought by signals from other bands

will be indistinguishable from the uncertain low level structure of the noise.

These sorts of fundamental bounds make us further appreciate the usefulness and ro-
bustness of the coherent signal processing possible whenever the primary signal has known
frequency specific training data or pilot tones. Coherent processing enables us to take long

averages that bring the SNR up to a reasonable value for detection.

Finally, we must point out that throughout this thesis we have ignored the presence
of fading, which is inherent in most of the wireless channels [27]. One expects that the
effect of channel fading should not make the problem of detection any easier. Since most
of our results are impossibility results, the presence of fading does not make a qualitative

difference to the nature of our results.

However, we must be cautious in ignoring the effect of fading in the case of coherent
detection, especially in the problem of detecting a weak pilot signal. It is possible that
the presence of channel fading can make it very hard for detecting pilot signals. Factors
like, Doppler shift, pilot tones from multiple primary users, multi-path fading can have an
adverse effect on these weak pilot tones and can make it impossible to detect them. We

suspect that, a careful analysis of this problem might lead to similar impossibility results

1This just means that we are not going to sample it faster than the Nyquist rate.
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for the problem of detection of weak pilot signals. However, the position of these new SN R

walls might be lower than the ones for non-coherent detection obtained in this thesis.
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Appendix A

Appendix: Sample complexity of
BPSK detector

A.0.1 Detection Performance using the Central Limit Theorem

From (2.14), we have

N-1 .
TY) = Z In [exp @ + exp _\/:Y[ i
v
= Y; (A.l)

i=0

where . .
Y; In [exp vPY U + exp @
and
Z; = |exp \/iY[ d +exp ————— _\/_Y[ ]

Thus,

Yi=f(Z)=InZz
Observe that Y;,4 = 0,1,..., N—1 are independent, identically distributed random variables

and the test statistic T(Y) is a sum of independent, identically distributed random variables
(see (A.1)). Hence by the central limit theorem for large N,

T(Y)— Nm;
VN

where m; := E(Y;) and 02 = Var(Y;). In order to use the CLT we will have to find the
mean and variance of the random variable Y;. Unfortunately, we cannot express m; and a?
in closed form. Hence we use the Taylor series expansion of the function Y; = f(Z;) at the
mean of Z;.

NN(O,O’?)

Vi = fluz) + (% = 0l B, + 51— 0P F (2, +
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where E(Z;) =: j1z,. We use only the first order terms to get
m; =~ f(:U’Zi)
2
of ~ [f(Z)ly,| Var(Z) (A.2)

Using the above approximations we evaluate the mean and variance of Y; under both the
hypothesis.

1. Under Hj:

VPYi] —VPYTi]
0-2

Y,=1In [exp 5 texp——5——
o

where Y[i] ~ N(0,02). Thus, using (A.2) we have

E(Y)=mi ~ f(uz)

= In <E
VPYTi]
2

o
(

Yi] —VPYTi]

P
2 + exp 702

)

exp

)

Again from (A.2), we have

2
Var(Y;) = o? |:f/(Zi)|,uZi] Var(Z;)
Var(Z;)
7

Q

We know that
Var(Z;) = E(Z?) — E*(Z;)

Hence, we evaluate each term of the above equation separately.

. . 2
E(Z?) = E <exp \/]_D);[Z] + exp @)

g

2V PY|i —2vVPY s
= E |exp 3 0 + exp 5 U +2
o o

2V PY|i

= 2 + 2E exp 72[“
o
= 2+ 2exp(2snr)
Therefore,
Var(Z;) = 2+ 2exp(2snr) — 4exp(snr) (From (A.3))

= 2[exp(snr) — 1]
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Hence,

Var(V;) = o2 ~ 2 [exp(snr) — 1)?
' ' :uZa;2

and,

V2 [exp(snr) — 1]
Kz,
[exp(snr) — 1]
V2 exp(%)

1 [1+4 snr — snr]

e
snr

V2
Here we have used the fact that, at low snr, i.e., when snr < 1, exp(snr) ~ 1+ snr

. Under H;:

Q

oh)

Q

Q

(A.4)

=In [exp @ + exp @

where Y[i] ~ N(a;,0?) and a; ~ Bernoulli(1/2). Thus, using the Taylor series ap-
proximation in (A.2) we have

E(Y;) =m; =~ f(uz, ]
= (E exp \/F;Y[i] + exp %Y[Z] )
= In (E expw + exp — P(Zg""i‘[i]) )
- (E (Y [ o) ep(2 2% | e
_ _exp (snr) + exp(—snr)) snr
= In ( [ 5 } exp(7)>
_ [ exp(snr +2exp( snr))} o [2 exp(ﬁ;)]

Where #[i] ~ N (0,02) and independent of a; and hence we justify writing the expec-
tation as a product in the 4th step of the above series of equations.

We now need to calculate the Variance of Y;. As before we have

Var(y;) = [f/(Zi)’Mzi]zvar(Zi)
Var(Z;)
NZi2

and
Var(Z;) = E(Z?) — E*(Z;) (A.6)

)
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So, we evaluate each term in the above expression.

E(Z?) = E <exp \/]_D);[Z] + exp @)

o
2V PY[i -2V PY[i
= E eXp72[Z]+eXp72[Z]—I—2
o o

2V PY[i

= 2+42E expf[z]
o

2d(a; + x|t

= 242E expi(a’tw[z])}
o

= 2+2FE :exp <2ng> eXp <2Cf2[i] >]
= 2+2E :exp <2jgi>] £ [exp (26?2[“)]

_ 949 [exp(QSnr) —i—2exp(—2sm’)} exp(2snr)
= 2+ [exp(2snr) + exp(—2snr)] exp(2snr) (A.7)
Substituting (A.7) in (A.6) we get
Var(Z;) = 2+ [exp(2snr) + exp(—2snr)] exp(2snr) — E2(Z;)

= 2+ [exp(2snr) + exp(—2snr)] exp(2snr) —
[exp(snr) + exp(—snr)]? exp(snr)
(From (A.5))
= 3+ exp(4snr) — exp(3snr) — exp(—snr) — 2exp(snr)

Therefore,

Var(y;) =~ 3+ exp(4snr) — exp(3snr) — exp(—snr) — 2exp(snr)

[exp(snr) + exp(—snr)]? exp(snr)

Since we are concerned with the low snr scenario, we again use the fact that, when
snr < 1, exp(snr) ~ 1 + snr and simplify the above expression to obtain:

Var(Y;) ~ snr?
= VVar(y;) =~ snr (A.8)

Finally, to summarize we define, my := E(Y;|Hy) for k = 0,1 and all ¢ = 0,1,..., N — 1.
Similarly define, oy := \/Var(Y;|Hy) for k = 0,1. Thus, summarizing the results of the
previous two section:

mog ~ In {2 exp(ﬁ;)]

m o~ In [exp(sm’) —l—;xp(—snr)] I [2 exp(&;)]

op = O(snr)

o1 = O(snr) (A.9)
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From the above equations we also have

exp(snr) + exp(—snr)
2
~ snr’ (A.10)

mi—mg = In

For snr <« 1. Now, we apply the use these expressions to derive the detection performance.
We have

Ppa = Pr(T(Y)>+[Ho)
T(Y — Nmg) _ v — Nmy )
- P > H
(R s e
v - Nmo)
—_ By CLT
Q ( o (By CLT)
Simplifying this,
v = VNooQ  (Pra) + Nmyg (A.11)
Similarly,
Pp = Pr(T(Y)>~|H1)
T(Y —Nmi) ~ —Nmy >
- P > H
(R
v - Nm1>
SRR By CLT
Q < TNon (By CLT)
and
v =VNo1Q N (Pp) + Nmy (A.12)

Eliminating v’ from (A.11) and (A.12) we have,

N - [UOQ_I(PFA)_UlQ_l(PD)]2
- mi1 — My

Using (A.9) and (A.10) in the above equation we have,

N

Q

snrQ Y (Pra) — snrQ~Y(Pp) 2
[ snr? ]

= [Q_I(PFA) - Q_I(PD)]2 snr 2
~ snr > (A.13)
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