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ABSTRACT

Sequential Statistical Signal Processing with
Applications to Distributed Systems

Yasin Yilmaz

Detection and estimation, two classical statistical signal processing problems with well-
established theories, are traditionally studied under the fixed-sample-size and centralized
setups, e.g., Neyman-Pearson target detection, and Bayesian parameter estimation. Re-
cently, they appear in more challenging setups with stringent constraints on critical re-
sources, e.g., time, energy, and bandwidth, in emerging technologies, such as wireless sensor
networks, cognitive radio, smart grid, cyber-physical systems (CPS), internet of things
(IoT), and networked control systems. These emerging systems have applications in a wide
range of areas, such as communications, energy, the military, transportation, health care,
and infrastructure.

Sequential (i.e., online) methods suit much better to the ever-increasing demand on
time-efficiency, and latency constraints than the conventional fixed-sample-size (i.e., offline)
methods. Furthermore, as a result of decreasing device sizes and tendency to connect
more and more devices, there are stringent energy and bandwidth constraints on devices
(i.e., nodes) in a distributed system (i.e., network), requiring decentralized operation with
low transmission rates. Hence, for statistical inference (e.g., detection and/or estimation)
problems in distributed systems, today’s challenge is achieving high performance (e.g., time
efficiency) while satisfying resource (e.g., energy and bandwidth) constraints.

In this thesis, we address this challenge by (i) first finding optimum (centralized) sequen-
tial schemes for detection, estimation, and joint detection and estimation if not available in
the literature, (ii) and then developing their asymptotically optimal decentralized versions
through an adaptive non-uniform sampling technique called level-triggered sampling. We

propose and rigorously analyze decentralized detection, estimation, and joint detection and



estimation schemes based on level-triggered sampling, resulting in a systematic theory of
event-based statistical signal processing. We also show both analytically and numerically
that the proposed schemes significantly outperform their counterparts based on conven-
tional uniform sampling in terms of time efficiency. Moreover, they are compatible with the
existing hardware as they work with discrete-time observations produced by conventional
A /D converters.

We apply the developed schemes to several problems, namely spectrum sensing and
dynamic spectrum access in cognitive radio, state estimation and outage detection in smart

grid, and target detection in multi-input multi-output (MIMO) wireless sensor networks.
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Chapter 1

Introduction

In statistical signal processing, efficiency in terms of critical resources, such as time/number
of observations, energy, and bandwidth, becomes increasingly important. In particular,
minimizing the average decision making time/delay is crucial due to the ever-increasing need
for speed in today’s technology. This fact strongly underpins the significance of sequential
(i.e., online) methodologies. A sequential method, unlike the traditional fixed-sample-size
methods, is equipped with a stopping rule which adapts the number of observations used
to make a decision, i.e., the time to stop taking new observations and make a decision,
to the observation history. With such a stopping capability, a sequential method, for each
realization of the random observation signal, can tailor the sample size (i.e., number of
observations) to the constraints on specific performance measures in a problem [e.g., type
I (false alarm) and type II (misdetection) error probabilities in detection; mean squared
error (MSE) in estimation]. On the other hand, a fixed-sample-size (i.e., offline) method,
regardless of the observation history, waits until a specific amount of observation is collected,
and then at this deterministic time makes its decision (e.g., detection and/or estimation).
For example, it is known [1, Page 109] that the sequential probability ratio test (SPRT),
which is the optimum sequential detector for i.i.d. observations, requires for Gaussian
signals, on average, four times less samples than the best fixed-sample-size detector to reach
a decision with the same level of confidence. This significant time efficiency comes with the
costs of sophisticated analysis and some practical challenges. Particularly, a sequential

method, in a distributed (i.e., networked) system, needs online information transmission,
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posing a serious challenge for energy- and bandwidth-constrained systems. Considering that
energy and bandwidth constraints are typical of many emerging technologies (e.g., wireless
sensor networks, cyber-physical systems, internet of things) sequential methods that satisfy
such resource constraints are of great interest recently.

In this thesis, we address the challenge briefly explained above. Specifically, we design
optimum sequential detectors, estimators, and joint detectors and estimators; and then
develop their decentralized versions that rely on low-rate information transmission in a
distributed system. With the term decentralized, we denote distributed systems with low-
rate information transmission from nodes to a fusion center (which may be one of the
nodes), as opposed to centralized systems with high information transmission rates. Hence,
it should not be confused with the term ad hoc, which denotes the lack of a fusion center.
Here, we also sometimes use the terms distributed and decentralized interchangeably.

The main contributions of this thesis are twofolds: (i) the development of optimum se-
quential schemes, (ii) the design and analysis of decentralized sequential schemes based on an
event-based non-uniform sampling technique called the level-triggered sampling. This adap-
tive sampling technique is key to achieving high efficiency in minimizing the average sample
size through low-rate information transmission. The sampling times in level-triggered sam-
pling are dynamically (i.e., adaptively) determined by the signal that is sampled, hence
random. This is in contrast with the time-based sampling, in which sampling times are de-
terministic, e.g., the classical uniform-in-time sampling with periodic sampling times. More
specifically, in level-triggered sampling, a new sample is taken when the signal changes at
least by a constant A since the last sampling time, as shown in Fig. 1.1. The sampling
times t1, to,t3,t4 in Fig. 1.1 are dictated by the random signal X;, whereas those of uniform
sampling are given by a preselected period T, regardless of X;.

Using uniform sampling in a distributed system we know the sampling times throughout
the system, but sample magnitudes need to be quantized with a few bits to report to
the fusion center, incurring considerable quantization errors at the fusion center. On the
other hand, since the level-triggered sampling procedure is uniform in magnitude change,
at each sampling time a node, transmitting only a single bit, can easily report to the fusion

center whether the magnitude change since the last sampling time is above A or below
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X, : random signal

3AT

2N overshoot
A -
ey
1 2 3 4 5 6 7 8 9 10 11 12 13
131 lo i3 ly
—AL--- random sampling times of Level-triggered Sampling
T 2T 3T 4T

deterministic sampling times of Uniform Sampling
Figure 1.1: The level-triggered sampling procedure.

—A. Moreover, the fusion center can infer the sampling times from the bit arrival times,
although for the ultimate statistical task (e.g., detection and/or estimation) sampling times
do not need to be precisely recovered, as opposed to data compression [2].

Some variants of level-triggered sampling are used in the literature under the names
of level-crossing sampling, time-encoding machine, send-on-delta sampling, and Lebesgue
sampling for , control systems [3; 4; 5], data compression [2], analog-to-digital (A /D) conver-
sion [6; 7; 8], continuous-time data transmission [9; 10; 11], continuous-time detection [12;
13] and estimation [14], imaging applications [15; 16; 17]. It also naturally appears in bio-
logical sensing systems. Interestingly, the all-or-none principle, according to which neurons
fire, i.e., transmit electrical signals, in many multicellular organisms, including plants, in-
sects, reptiles and mammals, is closely related to level-triggered sampling [18]. Event-based
techniques, as alternative to time-driven techniques, are first [3] and most commonly used
in the context of control systems. Their appearance in the context of signal processing is

much later [2].



CHAPTER 1. INTRODUCTION 4

1.1 Contributions

It was shown in [12; 14] that with continuous-time observations, level-triggered sampling
is an ideal fit for information transmission in decentralized detection and estimation as it
achieves a strong type of asymptotic optimality called order-2 asymptotic optimality by
transmitting a single bit per sample. In other words, it attains a very high performance
standard while being extremely resource-efficient. This is possible due to the well-behaved
(i.e., continuous-path) continuous-time observations since at each sampling time the mag-
nitude change in such a continuous-time signal is exactly either A or —A, without any
overshoot (cf. Fig. 1.1), and thus the change information is fully represented by a single
bit. However, these impressive theoretical results have practical limitations as they rely
on applying level-triggered sampling to analog signals without A/D conversion. Although
there are significant works (e.g., [8; 7; 19]) towards building a new digital signal processing
(DSP) theory based on event-based sampling, such a theory is still not mature, and thus
uniform sampling dominates today’s DSP technology.

A vast majority of the existing devices work, and will continue to work in the near future,
with discrete-time observations produced by conventional A /D converters based on uniform
sampling and quantization. Hence, a comprehensive theory for discrete-time observations is
needed to use level-triggered sampling for statistical signal processing tasks on the existing
hardware. To that end, in this dissertation, we rigorously analyze the use of level-triggered
sampling with discrete-time observations for the statistical signal processing tasks.

We should emphasize here that we are interested in level-triggered sampling as a means
of transmitting local statistics/information to a remote center, not for A/D conversion.
The real challenge in using level-triggered sampling with discrete-time observations is the
overshoot problem due to the excess signal level above/below the sampling threshold, as
shown in Fig. 1.1. Such an overshoot value is not represented by the single bit which
can only encode the threshold (upper/lower) that triggered sampling. If this problem is
not treated, the overshoot values cannot be recovered at the fusion center, and even worse
accumulate in time. We propose and rigorously analyze several ways to overcome the
overshoot problem.

Specifically, in [20], for the spectrum sensing problem in cognitive radio networks, we
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use a few additional bits to quantize the overshoot value in each sample, and show that
this scheme can achieve order-2 asymptotic optimality. In [21], for decentralized detection,
assuming some local statistics are known we compute an average value for the overshoot,
and use a single bit to represent each sample. Moreover, in [21] we consider non-ideal re-
porting channels between the fusion center and nodes. In [22], we encode each overshoot
value in time, and transmit a single pulse for each sample in the context of target detection
in wireless sensor networks. In [23], we propose asymptotically optimal decentralized esti-
mators based on multi-bit level-triggered sampling, in which overshoot values are quantized
as in [20]. For a restricted class of stopping times we find, in [24], the optimum (centralized)
sequential vector parameter estimators under two different formulations, and develop a com-
putationally efficient decentralized version of the more tractable one. Similarly, we find an
optimum sequential joint detector and estimator in [25] for a set of problems in which both
detection and estimation are equally important. Then, in [26], we extend this optimum
sequential joint detection and estimation scheme to a cooperative multi-node setup, and
apply this extended optimum solution to the dynamic spectrum access problem in cognitive

radio networks.

1.2 Outline

The dissertation is organized into three parts for detection, estimation, and joint detection
and estimation. Firstly, in Chapter 2, we consider sequential distributed detection, and
spectrum sensing in cognitive radio networks as an application. Then, in Chapter 3, we
treat the sequential estimation problem for linear models, and its application to a wireless
sensor network. Finally, in Chapter 4, sequential joint detection and estimation is handled
with two applications: dynamic spectrum access in cognitive radio networks, and state
estimation in smart grid. We conclude the dissertation in Chapter 5.

We represent vectors and matrices with lower-case and upper-case bold letters, respec-

tively.



Part 1

Detection
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Chapter 2

Sequential Distributed Detection

2.1 Introduction

We consider the problem of binary decentralized detection, i.e., hypothesis testing, where
a number of distributed sensors, under bandwidth constraints, communicate with a fusion
center (FC) which is responsible for making the final decision. In [27] it was shown that
under a fixed fusion rule, with two sensors each transmitting one bit information to the FC,
the optimum local decision rule is a likelihood ratio test (LRT) under the Bayesian criterion.
Later, in [28] and [29] it was shown that the optimum fusion rule at the FC is also an LRT
under the Bayesian and the Neyman-Pearson criteria, respectively. It was further shown in
[30] that as the number of sensors tends to infinity it is asymptotically optimal to have all
sensors perform an identical LRT. The case where sensors observe correlated signals was
also considered, e.g., [31; 32].

Most works on decentralized detection, including the above mentioned, treat the fixed-
sample-size approach where each sensor collects a fixed number of samples and the FC
makes its final decision at a fixed time. There is also a significant volume of literature
that considers the sequential detection approach, e.g., [33; 34; 35; 36; 12; 20; 21; 22]. In
[36; 12; 20; 21; 22|, the sequential probability ratio test (SPRT) is used both locally and
globally. SPRT is optimal for i.i.d. observations in terms of minimizing the average sample
number (i.e., decision delay) among all sequential tests satisfying the same error probability

constraints [37]. It is also known that SPRT asymptotically requires, on average, four
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times less samples (for Gaussian signals) to reach a decision than the best fixed-sample-
size test, for the same level of confidence [1, Page 109]. Relaxing the one-bit messaging
constraint, the optimality of the likelihood ratio quantization is established in [38]. Data
fusion (multi-bit messaging) is known to be much more powerful than decision fusion (one-
bit messaging) [39], albeit it consumes higher bandwith. Moreover, the recently proposed
sequential detection schemes based on level-triggered sampling, e.g., [12; 20], are as powerful
as data-fusion techniques, and at the same time they are as simple and bandwidth-efficient
as decision-fusion techniques.

Besides having noisy observations at sensors, in practice the channels between sensors
and the FC are noisy. The conventional approach to decentralized detection ignores the
latter, i.e., assumes ideal transmission channels, and addresses only the first source of un-
certainty, e.g., [27; 12]. Adopting the conventional approach to the noisy channel case
yields a two-step solution. First, a communication block is employed at the FC to recover
the transmitted information bits from sensors, and then a signal processing block applies
a fusion rule to the recovered bits to make a final decision. Such an independent block
structure causes performance loss due to the data processing inequality [40]. To obtain the
optimum performance the FC should process the received signal in a channel-aware man-
ner [41], [42]. Most works assume parallel channels between sensors and the FC, e.g., [43;
44]. Other topologies such as serial [45] and multiple-access channels (MAC) [46] have also
been considered. In [47] a scheme is proposed that adaptively switches between serial and
parallel topologies.

In this chapter, we design and analyze channel-aware sequential decentralized detection
schemes based on level-triggered sampling, under different types of discrete and continu-
ous noisy channels. In Section 2.2, we describe the general structure of the decentralized
detection approach based on level-triggered sampling with noisy channels between sensors
and the FC. We derive channel-aware sequential detection schemes based on level-triggered
sampling in Section 2.3. We then present, in Section 2.4, an information theoretic frame-
work to analyze the decision delay performance of the proposed schemes based on which
we provide an asymptotic analysis on the decision delays under various types of channels.

The asymptotic analysis on decision delays facilitates finding appropriate signaling schemes
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under different continuous channels. In Section 2.5, as an application, we deal with the
cooperative spectrum sensing problem in cognitive radio networks. Finally, Section 2.6

concludes the chapter.

2.2 System Descriptions

Consider a wireless sensor network consisting of K sensors each of which observes a discrete-
time signal {yF,t € N},k = 1,..., K. Each sensor k computes the log-likelihood ratio (LLR)
{Lf,t € N} of the signal it observes, samples the LLR sequence using the level-triggered
sampling, and then sends the LLR samples to the fusion center (FC). The FC then combines
the local LLR information from all sensors, and decides between two hypotheses, Hy and
Hi, in a sequential manner.

Observations collected at the same sensor, {yF};, are assumed to be i.i.d., and in addition
observations collected at different sensors, {yf}k, are assumed to be independent. Hence,

the local LLR at the k-th sensor, Lf , and the global LLR, L;, are computed as

koo JEWE - uF) k b Nk S
Lf Slog - p St = LF (+1f=> 1f, and Ly=>» L, (2.1)
fO(y17"'7yt) n=1 k=1

FEwE)
F5 W)
at time t; ff, i = 0,1, is the probability density function (pdf) of the received signal by

respectively, where If £ log is the LLR of the sample yF received at the k-th sensor

the k-th sensor under H;. The k-th sensor samples Lf via the level-triggered sampling at

a sequence of random sampling times {t¥},, that are dictated by LF itself. Specifically, the

n-th sample is taken from Lf whenever the accumulated LLR Lf — Lfk , since the last
n—1

sampling time t’fL_l exceeds a constant A in absolute value, i.e.,

th 2 inf {t Sth_ Lb-1k ¢ (—A,A)} L th=0, Lk = 0. (2.2)
n—1
Let A\¥ denote the accumulated LLR during the n-th inter-sampling interval, (t£ | t£], i.e.,
ty
ME Y =L - Ly . (2.3)
t=tF_ 41

k

~, as shown in Fig. 2.1, an information bit bfl indicating

Immediately after sampling at ¢
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K=0) S’f f?b?w fjjzt) . FC |
yl'— Sk Abf iﬁ
I (t) I (t) I (t)
Figure 2.1: A wireless sensor network with K sensors Si, ..., Sk, and a fusion center (FC).

Sensors process their observations {y}}, and transmits information bits {o£}. Then, the FC,
receiving {z%} through wireless channels, makes a detection decision 6. IF(t), IF@), I¥(t)
are the observed, transmitted and received information entities respectively, which will be

defined in Section 2.4.1.
the threshold crossed by )\fl is transmitted to the FC, i.e.,
bE £ sign(AF). (2.4)

Let us now analyze the signals at the FC. Denote the received signal at the FC corre-

sponding to bfl as zF, as shown in Fig. 2.1. The FC then computes the LLR ;\2 of each

n’

received signal and approximates the global LLR L; as

KX k k pk(zk)
L2 A ith  A\F 2 ]og 220/ 2.5
t k;ngl n Wi n nglg(zﬁ/) ( )

where NF is the total number of LLR messages the k-th sensor has transmitted up to time
t, and pf('), i = 0,1, is the pdf of zF under H;. In fact, the FC recursively updates L,
whenever it receives an LLR message from any sensor. In particular, suppose that the m-th
LLR message A, from any sensor is received at time t,,. Then at ¢,,, the FC first updates
the global LLR as

‘Z/tm - ‘Ztmfl + )\m (26)

It then performs an SPRT step by comparing Etm with two thresholds A and —B, and



CHAPTER 2. SEQUENTIAL DISTRIBUTED DETECTION 11

applying the following decision rule

Hl; if f/tm > A,
6tm é H(]7 lf itm S —B7 (27)

continue to receive LLR messages, if L;,, € (—B, A).

The thresholds (A, B > 0) are selected to satisfy the error probability constraints Po(d7 =
Hi) < a and P(d7 = Hg) < B with equalities, where «, 3 are target error probability

bounds, and

Linf{t >0:L; ¢ (B, A)} (2.8)

is the decision delay.

Note that each sensor, in fact, implements a local SPRT [cf. (2.7), (2.8)], with thresholds
A and —A within each sampling interval. At sensor k the n-th local SPRT starts at time
tk_ | and ends at time ¢* when the local test statistic \¥ exceeds either A or —A. This
local hypothesis testing produces a local decision represented by the information bit b, and

induces local error probabilities « and S which are given by
ap £ Pt =1), and B £ Pi(bf =-1) (2.9)

respectively, where P;(-), i = 0, 1, denotes the probability under H;.
With ideal channels between sensors and the FC, we have 2% = bF_ so from (2.9) we can

write the local LLR 5\'5 = 5\5” where
—— > A, bk =1,

Po(b
log% log1 akg —A, if bk =~

Sk & log 5

(2.10)

is the LLR of the transmitted bit b%. The inequalities above can be obtained by apply-
ing a change of measure. For example, to show the first one, we have ap = Po()\fl >

A) = Eo[Lyyr>ay) where E;[] is the expectation under H;,i = 0,1 and 1 is the indicator

. . Ak f(])“(yfk [+l el k)
function. Noting that e™"n = = we can write
fl(ytk 1+17 7yk)
k_

o = E1[€_Aﬁ]1{xng}] < e PEi[lpusay] =€ AP > A) = e (1 - Br).

Note that for the case of continuous-time and continuous-path observations at sensors,

the inequalities in (2.10) become equalities as the local LLR sampled at a sensor [cf. (2.1)]
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is now a continuous-time and continuous-path process. This suggests that the accumulated
LLR during any inter-sampling interval [cf. (2.3)] due to continuity of its paths will hit
exactly the local thresholds +A. Therefore, from Wald’s analysis for SPRT, oy = B = eA—1+1
[?]; hence a transmitted bit fully represents the LLR accumulated in the corresponding inter-
sampling interval. Accordingly, the FC at sampling times exactly recovers the values of LLR
processes observed by sensors [12].

On the other hand, when sensors observe discrete-time signals, due to randomly over /under
shooting the local thresholds, the observed LLR A¥ in (2.3) is a random variable, which is
in absolute value greater than A. However, the transmitted LLR j\fl in (2.10) is a fixed
value, that is also greater than A in absolute value. While in continuous-time the FC
fully recovers the LLR accumulated in an inter-sampling interval by using only the re-
ceived bit, in discrete-time this is not possible. In order to ameliorate this problem, in [12;
21] it is assumed that the local error probabilities {ay,3;} are available to the FC; and
therefore the LLR of z¥, that is, \¥ = 5\];, can be obtained; while in [20] the overshoot is
quantized by using extra bits in addition to b¥. Nevertheless, neither method enables the
FC to fully recover A¥ unless an infinite number of bits is used.

In this chapter, we will initially assume in Sections 2.3 and 2.4 that the local error
probabilities ay, Bx, kK = 1,..., K are available at the FC in order to compute the LLR
S\fl of the received signals, as in [12; 21]. Then, in Section 2.5, following [20], we consider
quantizing overshoot using additional bits. For the case of ideal channels, we denote the
thresholds in (2.7) with A and —B, and the decision delay in (2.8) with 7. In the case of
noisy channels, the received signal 2% is not always identical to the transmitted bit b%, and

thus the LLR 5\]3 of zF can be different from 5\],3 of b given in (2.10). In the next section,

we consider some popular channel models and give the corresponding expressions for A

2.3 Channel-aware Fusion Rules

In computing the LLR 5\]3 of the received signal 2%, we will make use of the local sensor error
probabilities «y, Bk, and the channel parameters that characterize the statistical property of

the channel. One subtle issue is that since the sensors asynchronously sample and transmit
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the local LLR, in the presence of noisy channels, the FC needs to first reliably detect
the sampling time in order to update the global LLR. In this section we assume that the
sampling time is reliably detected and focus on deriving the fusion rule at the FC. In Section

2.4.4, we will discuss the issue of sampling time detection.

2.3.1 Binary Erasure Channels (BEC)

Consider binary erasure channels between sensors and the FC with erasure probabilities
er, k=1,..., K. Under BEC, a transmitted bit b¥ is lost with probability ¢, and correctly
received at the FC, i.e., z2¥ = bF, with probability 1 — e;. Then the LLR of 2% is given by

Pi(zk=1 — ;
3k — log P;Ezgzlg = log 1afk’ if 2y =1, (2.11)
no 1 Pi(zp==1) _ 1 Bk if ok — 1 '
0g Po(zl‘i:—l) 0g 1—op? 1 zn :

Note that under BEC the channel parameter ¢ is not needed when computing the LLR
S\fl Note also that in this case, a received bit bears the same amount of LLR information
as in the ideal channel case [cf. (2.10)], although a transmitted bit is not always received.
Hence, the channel-aware approach coincides with the conventional approach which relies
solely on the received signal. Although the LLR updates in (2.10) and (2.11) are identical,
the fusion rules under BEC and ideal channels are not. This is because the thresholds A
and —B of BEC, due to the information loss, are in general different from the thresholds A

and —B of the ideal channel case.

2.3.2 Binary Symmetric Channels (BSC)

Next, we consider binary symmetric channels with crossover probabilities €, between sensors
and the FC. Under BSC, the transmitted bit b* is flipped, i.e., 2¥ = —bF, with probability
€, and it is correctly received, i.e., z,’i = b’fl, with probability 1 — €. The LLR of z,’i can be

computed as

RE(E = 1) = log Pi(zp = 1lby = Py (by = 1) + Pa(zp = by = —1)P1 (b, = —1)
naTn P()(Z]n€ = 1][)2 = 1)P0(b£§ =1)+ P()(Z]n€ = 1][)2 l)Po(bfL =-1)
B
(1 —ex)(1 = Br) + e 1 —[(1 — 2¢) B + €]
=1 =1 2.12
08 (1 —ex)oy + (1 — ag) o8 (1 —2€x) v, + €k ( )

G
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where & and Bk are the effective local error probabilities at the FC under BSC. Similarly

we can write

~

Br

Aoz =-1) =1 :

(2.13)

Note that ap > ay, Bk > B if ap < 0.5, B < 0.5, Vk, which we assume true for
A > 0. Thus, we have \S\fL’BSC] < \S\fL’BEC\ from which we expect the performance loss
under BSC to be higher than the one under BEC. The numerical results provided in Fig.
2.2 will illustrate this claim. Finally, note also that, unlike the BEC case, under BSC the

FC needs to know the channel parameters {ex} to operate in a channel-aware manner.

2.3.3 Additive White Gaussian Noise (AWGN) Channels

Now, assume that the channel between each sensor and the FC is an AWGN channel. The

received signal at the FC is given by
2k = pEgk ok (2.14)

where hfL = hy,Vk,n, is a known constant complex channel gain; wfl ~ N,(0, J,%); fo is the
transmitted signal at sampling time t*, given by

: k
a, if A} > A,

= (2.15)
b, if \F < —A,

S =

where the transmission levels a and b are complex in general.

The distribution of the received signal given zF is then 2¥ ~ N (hpzE, 0?). The LLR of

2F is given by
S oy PECAIE = )P (h = 0) + prlanlel = P (o = )
" pr(zilzy = a)Po(xy = a) + pi(zf|al = b)Po(z); = b)
(1 - 519) eXp(_lez) + ﬁk eXp(—d]:L) (2 16)
ag exp(—ck) + (1 — ag) exp(—ds)’ '

k A& E24 hka|2 and dk L \z,’i—i;kb|2‘
o} Ik

where ¢,

2.3.4 Rayleigh Fading Channels

If a Rayleigh fading channel is assumed between each sensor and the FC, the received

signal model is also given by (2.14)-(2.15), but with hF ~ NC(O,O'}%JC). We then have
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2k ~ N(0, |3:fl|2c7,2mC + o) given xF; and accordingly, similar to (2.16), 5\]3 is written as

1- .
8 exp(—k) + G exp(—df)

e = log —2& (2.17)
n ay, 1—ay :
= exp(—ck) + > exp(—d})
a4,k Tk
where 02, 2 |a|202 , + 02, 02, 2 |b]202 , + o2, ¢k & 25l ond gk 2 1zl
ak = bk kb Obk = hk T Tk Cn = 52 n= gt

2.3.5 Rician Fading Channels

For Rician fading channels, we have h® ~ N (u, a,zl’k) in (2.14), and hence 2F ~ N(upzk, |:E’fl|20,2%k+
k

a,%) given z;. Using 02 . and ag . as defined in the Rayleigh fading case, and defining

k2 |2k —pral? Jdk 2 |2k — 1y, b]2
n - 2 bl n - 2

= we can write A¥ as in (2.17).
ak b,k

2.4 Performance Analysis

In this section, we first define some information entities which will be used throughout the
section; then find the non-asymptotic expression for the average decision delay E;[T], and
provide an asymptotic analysis on it as the error probability bounds «, 8 — 0 for ideal and

noisy channels.

2.4.1 Information Entities

Note that the expectation of an LLR corresponds to a Kullback-Leibler (KL) information

entity. For instance,

f{g(ylﬁvyf) k k A fk(y]ﬁ’yz]fg) k

IF(t) 2 Ey [log 22l 0 F 2 — B [LM) and I5(t) £ Eg |[log 2022t/ — Eo[LH]
' U ! ’ FEGE, . yf !
(2.18)

are the KL divergences of the local LLR sequence {L¥}; under H; and Hg, respectively.

Similarly

r k(1k k
A pl(bl’ ’ka) A A
If(t) = Ei |log L1k kt - El[Lf] ) Ig(t) £ _EO[Lt]

I pg (b7, . .7bNtk)

O (2.19)
k() & PIEL, - Zg k] Tk o 7
Iy (t) =E; |log L/ k A - El[Lt] » 1y (t) = _EO[Lt]

po(zp- 7sz)
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are the KL divergences of the local LLR sequences {LF}; and {LF}, respectively. Define
also I;(t) 2 SO0 IF(t), Ii(t) 2 SO I5(t), and I;(t) 2 SO, I¥(t) as the KL divergences
of the global LLR sequences {L;}, {L:}, and {L;} respectively.

In particular, we have

k(. k k(. k
If(1) =E, [log %85] = E1[1%], and I5(1) = Ep [log ;%E;Z%H = —Eo[lY] (2.20)

as the KL information numbers of the LLR sequence {If'}; and I;(1) £ S35 1¥(1), i = 0,1

are those of the global LLR sequence {l;}. Moreover,

Pk o)
ok

P (o)

IF#Y) = E; |log
o b (0F)

_E WL () — Ey [log ] — EA,

(2.21)
pi(e)
Pp (1)
are the KL information numbers of the local LLR sequences {\*}, {A¥}, and {\k}, respec-
tively, under H;. Likewise, we have I5(th) = —Eo[\E], IF(th) = —Eo[\f], and IF(th) =

and IF(t}) =E; [log } = E1[\F]

—Eo[\¢] under Ho. To summarize, I¥(t), I¥(t), and IF(t) are respectively the observed (at
sensor k), transmitted (by sensor k), and received (by the FC) KL information entities as
illustrated in Fig. 2.1.

Next we define the following information ratios,

(2.22)

which represent how efficiently information is transmitted from sensor k& and received by
the FC, respectively. Due to the data processing inequality, we have 0 < ﬁf,ﬁf < 1, for
i=0,1and k=1,...,K. We further define

K K
Z I =D IF(1), and Ii( Z wIF() => IF(1) (2.23)
k=1 k=1

k=
as the effective transmitted and received values corresponding to the KL information I;(1),
respectively. Note that f,(l) and I;(1) are not real KL information numbers, but projections
of I;(1) onto the filtrations generated by the transmitted, (i.e., {bf}), and received, (i.e.,
{zF}), signal sequences, respectively. This is because sensors do not transmit and the FC

does not receive the LLR of a single observation, but instead they transmit and it receives the
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LLR messages of several observations. Hence, we cannot have the KL information for single
observations at the two ends of the communication channel, but we can define hypothetical
KL information to serve analysis purposes. In fact, the hypothetical information numbers
I;(1) and I;(1), defined using the information ratios 7¥ and 7%, are crucial for our analysis
as will be seen in the this section.

The KL information I¥(1) of a sensor whose information ratio, 7, is high and close to 1
is well projected to the FC. Conversely, If(l) of a sensor which undergoes high information
loss is poorly projected to the FC. Note that there are two sources of information loss for
sensors, namely, the overshoot effect due to having discrete-time observations and noisy
transmission channels. The latter appears only in ﬁf, whereas the former appears in both
A% and 7¥. In general with discrete-time observations at sensors we have I;(1) # I;(1)
and I;(1) # I;(1). Lastly, note that under ideal channels, since z¥ = b¥ Vk, n, we have
L) = L.

2.4.2 1Ideal Channels

Let {7F : 7% =& —F |} denote the inter-arrival times of the LLR messages transmitted

from the k-th sensor. Note that 7* depends on the observations yfk . ,yfk, and since

+177°
{yF} are ii.d., {T%} are also i.i.d. random variables. Hence, the couilting process {N}} is
a renewal process. Similarly the LLRs {5\2} of the received signals at the FC are also i.i.d.
random variables, and form a renewal-reward process. Note from (2.8) that the SPRT can
stop in between two arrival times of sensor k, e.g., th <T < tfb +1- The event Nf} =n
occurs if and only if tf = 7F + ...+ 7F < T and tf, =7 +...+ 7%, > T, so it depends
on the first (n + 1) LLR messages. From the definition of stopping time [48, pp. 104] we
conclude that N¥ is not a stopping time for the processes {4} and {M\E} since it depends
on the (n + 1)-th message. However, N& + 1 is a stopping time for {r}} and {A\EY since

we have Néf- +1=n < Néf- = n — 1 which depends only on the first n LLR messages.



CHAPTER 2. SEQUENTIAL DISTRIBUTED DETECTION 18

Hence, from Wald’s identity [48, pp. 105] we can directly write the following equalities

[Nk+1
Ei| Y | =El[rfI(E[NF] +1), (2.24)
:N§E+1 :
and E; | > | = EJ[N(E[NF] + 1), (2.25)

We have the following theorem on the average decision delay under ideal channels.

Theorem 1. Consider the decentralized detection scheme given in Section 2.2, with ideal

channels between sensors and the FC. Its average decision delay under H; is given by

ST=Fm " L-<1> (226)

where Vi is a random variable representing the time interval between the stopping time and

the arrival of the first bit from the k-th sensor after the stopping time, i.e., Vi = -T.

N’C+1

Proof. From (2.24) and (2.25) we obtain

NE+41 E. [ZNT+1 )\k}
? n=1

E; *| = B — =
gé; Ei[M]

where the left-hand side equals to E;[T]+ E;[V]. Note that E;[rF] is the expected stopping

time of the local SPRT at the k-th sensor and by Wald’s identity it is given by E; [Tf] = IIEE",[[?E]} ,
ity
provided that E;[I}] # 0. Hence, we have
Nk41 k
o - EMIS (T e O G
ill ] = —= — B[k — B[k
(] Bl If(th) Iy (1)
where we used the fact that E; [EnNTIH /\k} = El[ﬁkT]+l~El[/\’ka+l] = IN(T)+1F(t" Nk +1) and

Nk 1~ A
TN = I - IS

NE +1) Note that E;[] is the expectation with

similarly Eg [En

respect to Ak and Né“— under H;. By rearranging the terms and then summing over k£ on

NE+1

both sides, we obtain
K A ~
IF(th IF(th
1Yt ) =+ 3 iy - oo |

I;(1) k(1)

which is equivalent to (2.26). O
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The result in (2.26) is in fact very intuitive. Recall that I;(7) is the KL information
at the detection time at the FC. It naturally lacks some local information that has been
accumulated at sensors, but has not been transmitted to the FC, i.e., the information
gathered at sensors after their last sampling times. The numerator of the second term on
the right hand side of (2.26) replaces such missing information by using the hypothetical
KL information. Note that in (2.26) jf(t?\#ﬂ) £ IF(th), ie., E’[S‘?\@H] # E;[\F], since Nk

and j\lka 41 are not independent.
T

The next result gives the asymptotic decision delay performance under ideal channels.

Theorem 2. As the error probability bounds tend to zero, i.e., a, 3 — 0, the average

decision delay under ideal channels given by (2.26) satisfies

|log o | log f]
Ei\[7T]=— +0(1), and Eo[T] == +O(1), (2.27)
(1) Io(1)
where O(1) represents a constant term.
Proof. See Appendix A. O

It is seen from (2.27) that the hypothetical KL information number, I;(1), plays a key
role in the asymptotic decision delay expression. In particular, we need to maximize fl(l)

to asymptotically minimize E;[T]. Recalling its definition

) KTk
Li(1) =) ot IF (1)
2. TR

we see that three information numbers are required to compute it. Note that IF(1) = E;[If]
and IF(t}) = E;[\¥], which is given in (2.28) below, are computed based on local observations
at sensors, thus do not depend on the channels between sensors and the FC. Specifically,

we have

IF(t) = (1 = Be)(A + Eq[0F]) — Bi(A + Eq[6F)),
and I () = (A + Eo[0]) — (1 — o) (A + Eo[6)))

(2.28)
where 0% and 6% are local over(under)shoots given by 8F £ X\ — A'if \¥ > A and ¢F 2

—AE_ Aif ME < —A. Due to |IF| < 0o, Vk,t we have 0%, 0% < oo, Vk, n.

n»=n
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On the other hand, ff (t%) represents the information received in an LLR message by

the FC, so it heavily depends on the channel type. In the ideal channel case, from (2.10) it

is given by
Iy = (1 = By) log — b + B log %,
-3 k K (2.29)
d 1) = aplog —E 4 (1 — ay)1 :
and 5 (t4) = anlog " + (1 - ) log 1

Since I Zk (t’f ) is the only channel-dependent term in the asymptotic decision delay expression,

we will next obtain its expression for each noisy channel type considered in Section 2.3.

2.4.3 Noisy Channels

In all noisy channel types that we consider in this chapter, we assume that channel pa-
rameters are either constants or i.i.d. random variables across time. In other words, €z, hy
are constant for all k (see Sections 2.3.1, 2.3.2, 2.3.3), and {hF},, {wk}, are iid. for all
k (see Sections 2.3.3, 2.3.4, 2.3.5). Thus, in all noisy channel cases discussed in Section
2.3 the inter-arrival times {7} of the LLR messages, and the LLRs {\!} of the received
signals are i.i.d. across time as in the ideal channel case. Accordingly the average decision
delay in these noisy channels has the same expression as (2.26), as given by the following

proposition. The proof is similar to that of Theorem 1.

Proposition 1. Under each type of noisy channel discussed in Section 2.3, the average

decision delay is given by

7 S It ) — BIE(D)
(1) L(1)

U =

Ei[T] =

(2.30)

on

where Vi, = t?\/k e T.
T

The asymptotic performances under noisy channels can also be analyzed analogously to

the ideal channel case.

Proposition 2. As o, — 0, the average decision delay under noisy channels given by

(2.30) satisfies

71— logol and En1 = o8Bl
awy_ﬁu)+ou% czawy_%u)+om. (2.31)
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Proof. See Appendix A. O

Recall that I;(1) = Zk 1 ﬁkxk F(1) in (2.31) where IF(1) and IF¥(¢¥) are independent
of the channel type, i.e., they are same as in the ideal channel case. We will next compute
ff(t'f) for each noisy channel type, and consider the choices of the signaling levels a,b in

(2.15) that maximize IF(}).

BEC:
Under BEC, from (2.11) we can write the LLR of the received bits at the FC as

5 M with probability 1 — e,
- n P Y k (2.32)

0, with probability €.

Hence, we have

LF(#) = B[] = (1 — en)IF(¢) (2.33)

where I¥(tF) is given in (2.29). As can be seen in (2.33) the performance degradation under

BEC is only determined by the channel parameter €;. In general, from (2 27), (2.31) and
1 1[7—] 1

ing € — 1[7—] — 1—maxy €} °

(2.33) this asymptotic performance loss can be quantified as T

Specifically, if €, = €, Vk, then we have E—}q = ﬁ as a, 5 — 0.

BSC:
Recall from (2.12) and (2.13) that under BSC local error probabilities oy, S undergo
a linear transformation to yield the effective local error probabilities dk,Bk at the FC.

Therefore, using (2.12) and (2.13), similar to (2.29), I¥(t¥) is written as follows

_ . 1- 4 . 3
T (t) = (1 — ) log =% + B tog 25
Ok 1= ay (2.34)
- 1—
and IF(th) = Gy log — B + (1 — &) log ﬁkA
Qp 1—ay

where & = (1 — 2¢x )y + € and B = (1 — 2€;) Bk + €. Notice that the performance loss
in this case also depends only on the channel parameter €.

In Fig. 2.2 we plot ff(t’f) as a function of ap = [, and ¢, for both BEC and BSC.
It is seen that the KL information of BEC is higher than that of BSC, implying that the

asymptotic average decision delay is lower for BEC, as anticipated in Section 2.3.2.
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BEC vs. BSC

Bl s:c
I Bsc

Figure 2.2: The KL information, ff(t'f), under BEC and BSC, as a function of the local

error probabilities aj = S and the channel error probability €.

AWGN:
In the remainder of the section, we will drop the sensor index k of U%L’k and O']% for

simplicity. In the AWGN case, it follows from Section 2.3.3 that if the transmitted signal

is a, i.e., xfl = a, then c',i = u,d'ﬁl = w,; and if a:',i = b, then c',i = ’ub,d'ﬁl = u where
A Jwgl? A |wg+(a—b)hy|? A Jwg+(b—a)hy|?
U= —5—,Ug = —— 3 yUp = ——m— —

. Accordingly, from (2.16) we write the KL

information as

B . 1 — Br)e ™ + Bre e (1 —By)e ™ + Bre™
IFEMY =B (M) = (1 — El( E |1
1( 1) 1[ 1] ( 5k) 0g ake—u + (1 _ O[k)e_va + 5k 08 Oéke_vb + (1 — Oék-)e_u
— (1 - fi)log - 4 flog —E— 1
(a7 1—ay
IE(ek)
51 52
B ju—v 1Bk gu—v
1— B L+ et L+ 3 =e"™
E|log——"——|+E|log—F——| |, 2.35
/Bk < Bk g 1 + 1;‘;]6 eu—'l)a g 1 + ﬁeu_vb ( )
cr

where E[-] denotes the expectation with respect to the channel noise w’ only, and E;[]

denotes the expectation with respect to both ¥ and w* under Hy. Since w¥ is independent

of z¥ under both Hyg and Hy, we used the identity E;[] = E[E;[-]] in (2.35).



CHAPTER 2. SEQUENTIAL DISTRIBUTED DETECTION 23

Note from (2.35) that we have IF(th) = IF(th) 4+ BiCF and IF(th) = I5(th) + aiCh.

Similar to Cf we have C§ & —&; — 1;:"“ &;. Since we know IF(t5) < IF(t%), the extra terms,

C’I‘C,CéC < 0 are penalty terms that correspond to the information loss due to the channel
noise. Our focus will be on these terms as we want to optimize the performance under
AWGN channels by choosing the transmission signal levels a and b that maximize Cf.
From (2.14), we see that the received signal z* will have the same variance, but different
means, ahg and bhy, if 3:2 = a and :Elfl = b are transmitted respectively. Hence, we expect
that the detection performance under AWGN channels will improve if the difference |a — b|
between the transmission levels increases. In [21, Lemma 2|, we show that this is in fact
true, i.e., maximizing Cf is equivalent to maximizing |a — b|. If we consider a constraint
on the maximum allowed transmission power at sensors, i.e., max(|a|?, |b|?) < P2, then the

antipodal signaling is optimum, i.e., |a| = |b| = P and a = —b.

Rayleigh Fading:

k

2 2
It follows from Section 2.3.4 that ¢ = w,, df = Z—gua when z¥ = a; and & = Z—’éub, dk =
k k|2 k k|2
u, when ¥ = b where u, 2 %, up = WL”J#”‘, and 02 = |a|?02 + 02, 02 = |b*0% + 02
2
as defined in Section 2.3.4. Define further p 2 Z4. Hence, using (2.17) we write the KL

g

o

information as

. 1;5’“ e Mo 4 f—’ge‘p““ —1;35’“ eP Tub 4 g—’ge_“b
I7(t7) = (1 — Br)E |log TR Y g—, + BkE |log Sk o—p Ty 1 10k oy
z o; o5 op
- B B
= (1 — By)log + By log +
« 1-— k
IE(th)
1 _|_ l_ﬁk p—ler 1 . /8 1 _|_ Bk peCa
R k 1—Bk
Br | E |log . + E |l — (2.36)
L+ 2o tes B 1+ 1528 peco
cy

where ¢, £ u,(1 — p) and G 2 up(1 — p~1).

Note that when |a| = |b| which corresponds to the optimal signaling in the AWGN
case, we have p = 1, ¢, = ¢, = 0 and therefore I¥(t¥) = 0 in (2.36). This result is quite
intuitive since in the Rayleigh fading case the received signals differ only in their variances.

Specifically, from Section 2.3.4, the received signals at the FC will have zero mean and the
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Rayleigh Fading

Figure 2.3: The penalty term Cf for Rayleigh fading channels as a function of p, where
ar =P =010l =02=1P*=10,Q*=1.

variances o2 and ag when 2F = ¢ and ¥ = b, respectively. Therefore, in this case intuitively

we should increase the difference between the two variances, i.c., |[a|* — [b]?|. Consider the

following constraints: max(|a|?, |b|?) < P? and min(|a|?,|b]?) > Q?, where the first one is
the peak power constraint as before, and the second is to ensure reliable detection of an
incoming signal by the FC. In Fig. 2.3, we numerically show that the optimum signaling
scheme, that maximizes C¥, corresponds to |a| = P, |b| = Q (p maximum) or |a| = Q, |b| = P

(p minimum).

Rician Fading:

In the Rician fading case, upon defining ]NI]:L 2 pF — . from Section 2.3.5 we have cf =

|ah’;;—|—2wf;|27 dfz _ |ahﬁ+wﬁ+2(a—b)uk\2 when xchL = a; and CI:L _ \bh’,‘;—l-wﬁ—l—ng—a)uk\Q’ de _ \bh’;;+2wﬁ|2
o2 o o2 op

k

when z;

= b. We will drop the subscript k in i for convenience. We further define

2

Zo 2 ahf 4+ wF and %, £ bhE + wk that are zero-mean Gaussian variables with variances o2

and o7, respectively. Then from Section 2.3.5 similar to (2.36) we write the KL information
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Figure 2.4: Cf|a\7€|b| — Cf‘(ﬂ:‘b‘ in Rician fading channels as a function of |u|? and ai, where
P?2=10,Q°=1.
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1-Bk —1
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log
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—Bk
log ————— 2.37
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IFhY =IF (%) + B | E

cy

where ¢, £ — (|2a+(gg—b)u\2 _ %) and ¢y £ — (\2;,+(I;§a)ul2 _ %)

Since AWGN and Rayleigh fading are specific cases of Rician fading when o5, = 0 and
|| = 0, respectively, the optimum signaling scheme in this case is a function of |u| and
op- In Fig. 2.4, we show that the non-symmetric constellation, which is optimum under
Rayleigh fading, is much better than the symmetric one, which is optimum under AWGN,
for small |u|. On the other hand, for large |u|, the symmetric constellation is only slightly

better than the non-symmetric one. Hence, a non-symmetric constellation should be used

if 4 and oy, are unavailable.

2.4.4 Discussions

Considering the unreliable detection of the sampling times under continuous channels, we

should ideally integrate this uncertainty into the fusion rule of the FC. In other words, at
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the FC the LLR A of the received signal z should be computed at each time instant ¢ if
the sampling time of the k-th sensor cannot be reliably detected. In the LLR computations
n (2.16) and (2.17) the prior probabilities P;(zf = a) and P;(zF = b) are used. These
probabilities are conditioned on the sampling time t’ﬁl. Here, we need the unconditioned

prior probabilities of the signal 2 which at each time ¢ takes a value of a or b or 0, i.e,

a if LF-— Lk > A
n 1
v=14 b if LF—Lk <-A (2.38)
n 1

0 if Ly—L% €(=AA).

-1
As before, the received signal at time t is zf = h¥z¥ + wf. Then, the LLR A of 2} is given
by

(1- Bk)Pk 1P(Zt "Tt =a)+ /Bsz 1P(Zf‘xf =b)+ (1 - P )p(zt \xf =0)

A= log
' akpk Op(zt of = a) + (1 - ak)Pk Op(zt |zf =) + (1 - P?,O)p( Flef =0

(2.39)

where P';Z- is the probability that the FC receives a signal from sensor k under H;. Since

the FC has no prior information on the sampling times of the sensors, this probability can

be shown to be where E;[7f] is the average intersampling (communication) interval

E; [ Ei[rf]’
for sensor k under H;, i =0, 1. For instance, under AWGN channels [cf. (2.16)] by defining

ok A lzzheal? gk s |z —hbP? s
t o2 s U — o2
k

,and gf £ we have

(1- 51c)|3]§,1€_cf + 51~c|3]§,1e_df +(1- Plsg,l)e_gf

oz;.CIDIL;f’Oe_Cic +(1-— ak)P’;7Oe_df +(1- P’;O)e_gf.

A =log (2.40)

Under fading channels A is computed similarly. Realizations of AF of (2.40) and AF of
(2.16) are shown in Fig. 2.5 where P = 10 is used.
Note that in this case, {\F} are i.i.d. across time, and so are {\;} where A\, £ ZkK LAF

is the global LLR at time ¢. Hence, from Wald’s identity, similar to Theorem 2 we can

P

write E1[T] = El[?ﬁ 1])\] - |Elo[g/\a}‘ + O(1). Therefore, we again need to maximize the KL
1At

information E;[\f] (resp. —Eo[\F]) in order to minimize the average delay E;[T] (resp.

Eo[7]). However, analyzing this expectation is now much more involved than analyzing
(2.35). On the other hand, in practice we need to ensure reliable detection of the sampling

times by using high enough signaling levels P and (). Then, the average delay performance
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Figure 2.5: Realizations of the LLRs S\fl and S\f computed at the FC under reliable and

unreliable detection of the sampling times, respectively.

of this unreliable detection scheme becomes identical to that of the reliable detection scheme
analyzed in Section 2.4.3.

As an alternative approach, in the unreliable detection case one can follow a two-step
procedure to mimic the reliable detection case. Since it is known that most of the computed
LLRs {S\f} are uninformative that correspond to the no message case, a simple thresholding
operation can be applied to update the LLR only when it is informative. The threshold-
ing step is in fact a Neyman-Pearson test between the presence and absence of a message
signal. The threshold can be adjusted to control the false alarm and misdetection probabil-
ities. Setting the threshold appropriately we can obtain a negligible false alarm probability,
leaving us with the misdetection probability. Note that such a test would turn a continu-
ous channel into a BEC with erasure probability, €, equal to the misdetection probability.
Recall from Section 2.3.1 that under BEC A is the same as in the ideal channel case which
corresponds to the reliable detection case here. Thus, if an LLR survives after thresholding,
in the second step it is recomputed as in the channel-aware fusion rules obtained in Sections
2.3.3, 2.3.4 and 2.3.5. Moreover, the KL information in (2.35), (2.36) and (2.37) will only
be scaled by (1 — €) as shown in (2.33). Consequently, the results obtained in Section 2.4.3

are also valid in this approach to the unreliable detection case.
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2.5 Spectrum Sensing in Cognitive Radio Networks

Spectrum sensing is one of the most important functionalities in a cognitive radio system
[49], by which the secondary users (SU) decide whether or not the spectrum is being used
by the primary users. Various spectrum sensing methods have been developed based on ex-
ploiting different features of the primary user’s signal [50]. On the other hand, cooperative
sensing, where multiple secondary users monitor the spectrum band of interest simulta-
neously and cooperate to make a sensing decision, is an effective way to achieve fast and
reliable spectrum sensing [51; 52; 53; 54; 55].

In cooperative sensing, each secondary user collects its own local channel statistic, and
sends it to a fusion center (FC), which then combines all local statistics received from
the secondary users to make a final sensing decision. The decision mechanism at the FC
can be either sequential or fixed sample size. In other words, the FC can either try to
make a decision every time it receives new information or it can wait to collect a specific
number of samples and then make a final decision using them. It is known that sequential
methods are much more effective in minimizing the decision delay than their fixed sample
size counterparts. In particular, the sequential probability ratio test (SPRT) is the dual of
the fixed sample size Neyman-Pearson test, and it is optimal among all sequential tests in
terms of minimizing the average sample number (decision delay) for i.i.d. observations [56;
37]. Sequential approaches to spectrum sensing have been proposed in a number of recent
works [57; 58; 59; 60; 61; 62].

The majority of existing works on cooperative and sequential sensing assume that
the SUs synchronously communicate to the FC. This implies the existence of a global
clock according to which SUs sample their local test statistics using conventional uni-
form sampling. There are a few works allowing for asynchrony among SUs (e.g., [60;
61]), but none of them provides an analytical discussion on the optimality or the efficiency
of the proposed schemes. In this section, we develop a new framework for cooperative sens-
ing based on a class of non-uniform samplers called the event-triggered samplers, in which
the sampling times are determined in a dynamic way by the signal to be sampled. Such
a sampling scheme naturally outputs low-rate information (e.g., 1 bit per sample) without

performing any quantization, and permits asynchronous communication between the SUs
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and the FC [12]. Both features are ideally suited for cooperative sensing in cognitive ra-
dio systems since the control channel for transmitting local statistics has a low bandwidth
and it is difficult to maintain synchrony among the SUs. Moreover, we will show that by
properly designing the operations at the SUs and FC, the cooperative sensing scheme based
on event-triggered sampling can significantly outperform the one based on the conventional

uniform sampling.

2.5.1 Problem Formulation and Background
2.5.1.1 Spectrum Sensing via SPRT

Consider a cognitive radio network where there are K secondary users performing spectrum
sensing and dynamic spectrum access. Let {yf }, t € N, be the discrete-time signal observed
by the k-th SU, which processes it and transmits some form of local information to a fusion
center. Using the information received at the fusion center from the K SUs, we are interested
in deciding between two hypotheses, Hy and Hy, for the SU signals: i.e., whether the primary
user (PU) is present (H;y) or not (Hp). Specifically, every time the fusion center receives
new information, it performs a test and either 1) stops accepting more data and decides
between the two hypotheses; or 2) postpones its decision until a new data sample arrives
from the SUs. When the fusion center stops and selects between the two hypotheses, the
whole process is terminated.

Note that the decision mechanism utilizes the received data sequentially as they arrive at
the fusion center. This type of test is called sequential as opposed to the conventional fixed
sample size test in which one waits until a specific number of samples has been accumulated
and then uses them to make the final hypothesis selection. Since the pioneering work of
Wald [56], it has been observed that sequential methods require, on average, approximately
four times [1, Page 109] less samples (for Gaussian signals) to reach a decision than their
fixed sample size counterparts, for the same level of confidence. Consequently, whenever
possible, it is always preferable to use sequential over fixed sample size approaches.

Assuming independence across the signals observed by different SUs, we can cast our
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problem of interest as the following binary hypothesis testing problem

Ho: {ylooouit~ fos 02, yit ~ 8yl oy ~ 1

Hio {ytmd ~ fG wtwid ~ eyt ~ A

(2.41)

where ~ denotes “distributed according to” and fok and ff are the joint probability density
functions of the received signal by the k-th SU, under Hy and Hp respectively. Since we
assume independence across different SUs the log-likelihood ratio (LLR) L; of all the signals

received up to time ¢, which is a sufficient statistic for our problem, can be split as
K
Li=) L} (2.42)
k=1

where LF represents the local LLR of the signal received by the k-th SU, namely

it v
EAC T

Hence, each SU can compute its own LLR based on its corresponding observed signal, and

LF 2 log (2.43)

send it to the fusion center which collects them and computes the global cumulative LLR
L, using (2.42). Note that the local LLRs can be obtained recursively. That is, at each
time ¢, the new observation yf gives rise to an LLR increment If, and the local cumulative

LLR can then be updated as
¢
Ly =Ly, +1f =) 1, (2.44)
n=1

where
FEEIE, . yE)

FErys, .yl

and fF(yF|yf, ..., yF ) denotes the conditional pdf of yf given the past (local) signal sam-

IF 2 log

(2.45)

ples under hypothesis H;. Of course when the samples of the received signal in each SU are

also i.i.d., that is, we have independence across time, then the previous expression simplifies
FEwE)
I5 @)
sample in the k-th SU under hypothesis H;.

considerably and we can write I} = log where now flk represents the pdf of a single
As we mentioned, the fusion center collects the local LLRs and at each time instant ¢ is
faced with a decision, namely to wait for more data to come, or to stop receiving more data

and select one of the two hypotheses Hg, H;. In other words the sequential test consists of



CHAPTER 2. SEQUENTIAL DISTRIBUTED DETECTION 31

a pair (7,07) where T is a stopping time that decides when to stop (receiving more data)
and d7 a selection rule that selects one of the two hypotheses based on the information
available up to the time of stopping 7.

Of course the goal is to make a decision as soon as possible which means that we would
like to minimize the delay 7, on average, that is,

in Eg[7], and in E4[7]. 2.46
min o[7], and/or min 1[T] (2.46)

At the same time we would also like to assure the satisfactory performance of the deci-
sion mechanism through suitable constraints on the Type-I and Type-II error probabilities,
namely

Po(d7 =1) < a and P1(67 = 0) < 3, (2.47)

where P;(-),E;[-], ¢ = 0,1 denote probability and the corresponding expectation under
hypothesis i. Levels a, 8 € (0, 1) are parameters specified by the designer.

Actually, minimizing in (2.46) each E;[T], ¢ = 0,1 over the pairs (7, é7) that satisfy the
two constraints in (2.47), defines two separate constrained optimization problems. However,
Wald first suggested [56] and then proved [37] that the Sequential Probability Ratio Test
(SPRT) solves both problems simultaneously. SPRT consists of the pair (S,ds) which is

defined as follows

1, if Lg¢ > A,
S=inf{t>0:L, ¢ (-B,A)}, os= (2.48)
0, if L¢ < —B.

In other words, at every time instant ¢, we compare the running LLR L; with two thresholds
—B, A where A, B > 0. As long as L; stays within the interval (—B, A) we continue taking
more data and update Ly; the first time Ly exits (—B, A) we stop (accepting more data) and
we use the already accumulated information to decide between the two hypotheses Hg, Hy.
If we call S the time of stopping (which is clearly random, since it depends on the received
data), then when Ls > A we decide in favor of Hy, whereas if Ls < —B in favor of Hy.
The two thresholds A, B are selected through simulations so that SPRT satisfies the two
constraints in (2.47) with equality. This is always possible provided that oo+ 3 < 1. In the

opposite case there is a trivial randomized test that can meet the two constraints without
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taking any samples (delay equal to 0). Note that these simulations to find proper values for
A, B are performed once offline, i.e. before the scheme starts, for each sensing environment.

The popularity of SPRT is due to its simplicity, but primarily to its very unique opti-
mality properties. Regarding the latter we must say that optimality in the sense of (2.46),
(2.47) is assured only in the case of i.i.d. observations. For more complex data models,
SPRT is known to be only asymptotically optimum.

SPRT, when employed in our problem of interest, exhibits two serious practical weak-
nesses. First the SUs need to send their local LLRs to the fusion center at the Nyquist-rate
of the signal; and secondly, the local LLR is a real number which needs infinite (practically
large) number of bits to be represented. These two problems imply that a substantial com-
munication overhead between the SUs and the fusion center is incurred. In this work, we
are interested in decentralized schemes by which we mean that the SUs transmit low-rate

information to the fusion center.

2.5.1.2 Decentralized Q-SPRT Scheme

A straightforward way to achieve low-rate transmission is to let each SU transmit its local
cumulative LLR at a lower rate, say at time instants 7,27, ..., mT, ..., where the period T €
N; and to quantize the local cumulative LLRs using a finite number of quantization levels.

Specifically, during time instants (m — 1)T + 1,...,mT, each SU computes its incremental

LLR L%T — L’(“m_l)T of the observations yé“m_l)TH, ces ,y,’f%T, to obtain
mT
k k k k
)‘mT 2 LmT o L(m—l)T - Z lt ’ (249)
t=(m—1)T+1

where [F is the LLR of observation yf, defined in (2.45). It then quantizes A* ;. into S\fnT
using a finite number 7 of quantization levels. Although there are several ways to perform
quantization, here we are going to analyze the simplest strategy, namely uniform quantiza-

tion. We will also make the following assumption
max IF| < ¢ < o0, (2.50)

stating that the LLRs of all observations are uniformly bounded by a finite constant ¢

across time and across SUs.
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From (2.49) and (2.50) we can immediately conclude that [A¥ .| < T'¢. For our quanti-
zation scheme we can now divide the interval (—7'¢,T'¢) uniformly into 7 subintervals and
assign the mid-value of each subinterval as the corresponding quantized value. Specifically

we define

T

Té V(A’fmT + qu)J 2T

0 T
Amp = —T¢ + — + T3 (2.51)

These quantized values are then transmitted to the FC. Of course the SU does not need to
send the actual value but only its index which can be encoded with log, 7 bits.
The FC receives the quantized information from all SUs, synchronously, and updates

the approximation of the global running LLR based on the information received, i.e.

K
-Z/mT = -Z/(m—l)T + Z AS@T (252)
k=1

Mimicking the SPRT introduced above, we can then define the following sequential scheme

(S,65), where
A,
~B.

. _ - _ 1, if
S=TM,; M:inf{m>02LmT¢(—B7A)}5 5§
0, if

~
O
vV

- (2.53)
L

wn
IN

Again, the two thresholds A, B are selected to satisfy the two error probability constraints
with equality. We call this scheme the Quantized-SPRT and denote it as Q-SPRT.

As we will see in our analysis, the performance of Q-SPRT is directly related to the
quantization error of each SU. Since we considered the simple uniform quantization, it is
clear that

Mo — Al < - (2.54)

We next consider three popular spectrum sensing methods and give the corresponding
local LLR expressions.
2.5.1.3 Examples - Spectrum Sensing Methods
Energy Detector

The energy detector performs spectrum sensing by detecting the primary user’s signal en-

ergy. We assume that when the primary user is present, the received signal at the k-th SU
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is yF = o + wl, where zF is the received primary user signal, and wf ~ N.(0,02) is the
" . . . E[|zk|? . . . .
additive white Gaussian noise. Denote 6, £ % then the received signal-to-noise ratio
k|2 2
zi|"] |

(SNR) at the k-th SU is E“T = %’“. Also define ~f £ (‘}%’? 5 The energy detector is based

on the following hypothesis testing formulation [50]

Ho: ~F ~ 2,
LR (2.55)

Hi: af ~ x3(6k),
where x4 denotes a central chi-squared distribution with 2 degrees of freedom; and x3(6y)
denotes a non-central chi-squared distribution with 2 degrees of freedom and noncentrality
parameter 6.
Using the pdfs of central and non-central chi-squared distributions, we write the local

LLR, IF, of the observations as follows

1 Y46 < 0 k)
lf = log T ( ; E <> ij >\/T% = log I <m> - 6—;, (2.56)
T2

5 exp

where Ip(x) is the modified Bessel function of the first kind and 0-th order.

Spectral Shape Detector

A certain class of primary user signals, such as the television broadcasting signals, exhibit
strong spectral correlation that can be exploited by the spectrum sensing algorithm [63].
The corresponding hypothesis testing then consists in discriminating between the channel’s
white Gaussian noise, and the correlated primary user signal. The spectral shape of the
primary user signal is assumed known a priori, which can be approximated by a p-th order

auto-regressive (AR) model. Hence the hypothesis testing problem can be written as

. k_ .k
Ho: yf = wy,

(2.57)
Hi:oyf = 30 aiyp, +of,
where {wf}, {vF} are ii.d. sequences with wf ~ AN.(0,02) and vf ~ N.(0,02), while

ai,...,a, are the AR model coefficients.

Using the Gaussian pdf the likelihoods under Hy and H; can be easily derived. Then,
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accordingly the local LLR of the sample received at time ¢ at the k-th SU can be written as

1 L,k P 9
Ik — log ff(yf’yf—l,...,yf_p) = log 702 OXP [_g’yt — D= 1a2yt i ]
t — =
e oo (—%lyﬂ?)
1
o2 ‘yt ik Zazyt i +log . (2.58)
U

Gaussian Detector

In general, when the primary user is present, the received signal by the k-th SU can be
written as yf = h¥s; + wf, where hf ~ N.(0, p2) is the fading channel response between
the primary user and the k-th secondary user; s; is the digitally modulated signal of the
primary user drawn from a certain modulation, with E[|s¢|?] = 1; and wf ~ N.(0,02) is
the additive white Gaussian noise. It is shown in [64] that under both fast fading and slow
fading conditions, spectrum sensing can be performed based on the following hypothesis

testing between two Gaussian signals:

Ho : yf ~ N.(0,02),

(2.59)
Hi : yz]tg NNC(O,pi +0120)'

Then, using the Gaussian pdf the local incremental LLR lf is derived as

1 Iyt\2 )
ko, k — 57 €Xp ( - 5 2 0_2
I¥ = log fi(yz) — log Z7t7) |p’fz+a = 2 2pk —yf|* + log —“—. (2.60)
fO (yt) #exp ( yt > Uw(pk +Jw) P +o

2.5.2 Decentralized Spectrum Sensing via Level-triggered Sampling

Here, we achieve the low-rate transmission required by the decentralized SPRT by adopt-
ing event-triggered sampling, that is, a sampling strategy in which the sampling times are
dictated by the actual signal to be sampled, in a dynamic way and as the signal evolves in
time. One could suggest to find the optimum possible combination of event-triggered sam-
pling and sequential detection scheme by directly solving the double optimization problem
defined in (2.46), (2.47) over the triplet sampling, stopping time, and decision function.
Unfortunately the resulting optimization turns out to be extremely difficult not accepting
a simple solution. We therefore adopt an indirect path. In particular, we propose a de-

centralized spectrum sensing approach based on a simple form of event-triggered sampling,
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namely, the level-triggered sampling. Then we show that the performance loss incurred
by adopting this scheme as compared to the centralized optimum SPRT is insignificant.
This clearly suggests that solving the more challenging optimization problem we mentioned

before, produces only minor performance gains.

2.5.2.1 Level-triggered Sampling at each SU

Using level-triggered sampling, each SU samples its local cumulative LLR process {L} at
a sequence of random times {tfl}, which is particular to each SU. In other words we do
not assume any type of synchronization in sampling and therefore communication. The
corresponding sequence of samples is {fo } with the sequence of sampling times recursively

defined as follows

th 2 inf {t >thoyLf - LY ¢ (—A,A)} L th=0, Lk = 0. (2.61)

n —

where A is a constant. As we realize from (2.61) the sampling times depend on the actual
realization of the observed LLR process and are therefore, as we pointed out, random.
Parameter A can be selected to control the average sampling periods E; [t'ﬁL — t'ﬁl_l], 1=0,1.
In Section 2.5.3.2, we propose a practically meaningful method to set this design parameter
A in a way that assures a fair comparison of our method with the classical decentralized
scheme, that is, Q-SPRT.

What is interesting with this sampling mechanism is that it is not necessary to know
the exact sampled value but only whether the incremental LLR L} — Lfﬁ,l crossed the
upper or the lower threshold. This information can be represented by using a single bit.
Denote with {6%} the sequence of these bits, where b¥ = 41 means that the LLR increment
crossed the upper boundary while bfL = —1 the lower. In fact we can also define this bit as
bE = sign(\F) where \f £ Lfﬁ — Lfﬁi,l
We can now approximate the local incremental LLR as 5\2 = bfLA, and since Lfgg =

Z?:l )\f we conclude that we can approximate the local LLR at the sampling times using

the following equation

n—1

n n
Lj =Y M= WA=Lji +hA. (2.62)
j=1 j=1
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Note that we have ezxact recovery, i.e., ﬁfgg = Lfﬁ , if the difference Lf — Lfﬁ,l’ at the times
of sampling, hits exactly one of the two boundaries +A. This is for example the case when
{LF} is a continuous-time process with continuous paths.

The advantage of the level-triggered approach manifests itself if we desire to communi-
cate the sampled information, as is the case of decentralized spectrum sensing. Indeed note
that with classical sampling we need to transmit, every 1" units of time, the real numbers
LF - (or their digitized version with fixed number of bits). On the other hand, in the level-
triggered case, transmission is performed at the random time instants {t¥} and at each t*
we simply transmit the -bit value b¥. This property of 1-bit communication induces sig-
nificant savings in bandwidth and transmission power, which is especially valuable for the
cognitive radio applications, where low-rate and low-power signaling among the secondary
users is a key issue for maintaining normal operating conditions for the primary users.

We observe that by using (2.44), we have L — Lfk = Z;ztk 1% where, we recall,
n—1 n—

1l
IF is the (conditional) LLR of the observation yf at time ¢ at the k-th SU defined in (2.45).

Hence (2.61) can be rewritten as

t
th = inf {t St S e (—A,A)}. (2.63)

j=tk_ +1
The level-triggered sampling procedure at each secondary user is summarized in Algorithm
1. Until the fusion center terminates it, the algorithm produces the bit stream {bF} based
on the local cumulative LLR values L at time instants {t¥}, and sends these bits to the
fusion center instantaneously as they are generated.

Remarks:

e Note that the level-triggered sampling naturally censors unreliable local information

gathered at SUs, and allows only informative LLRs to be sent to the FC.

e Note also that each SU essentially performs a local SPRT with thresholds +A. The
stopping times of the local SPRT are the inter-sampling intervals and the correspond-
ing decisions are the bits {b£} where b¥ = +1 and ¥ = —1 favor H; and Hy respec-

tively.
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Algorithm 1 The level-triggered sampling procedure at the k-th SU
1: Initialization: t < 0, n <+ 0
2: A0
3: while A € (—A,A) do
4 t—t+1
5. Compute [} (cf. Sec. 2.5.1.3)
6
7
8
9

A A+ IF
: end while
tné—n+1
cth =+
10: Send b* = sign(\) to the fusion center at time instant ¥

11: Stop if the fusion center instructs so; otherwise go to line 2.

2.5.2.2 Proposed Decentralized Scheme

The bit streams {b*};, from different SUs arrive at the FC asynchronously. Using (2.42)

and (2.62), the global running LLR at any time ¢ is approximated by

K K
L= Li=A) > k. (2.64)
k=1

k=1 n:tj <t

In other words the FC adds all the received bits transmitted by all SUs up to time ¢ and then
normalizes the result with A. Actually the update of L; is even simpler. If {t,} denotes the
sequence of communication instants of the FC with any SU, and {b,} the corresponding
sequence of received bits then ﬁtn = lA}ltW1 + b, A while the global running LLR is kept
constant between transmissions. In case the FC receives more than one bit simultaneously
(possible in discrete time), it processes each bit separately, as we described, following any
random or fixed ordering of the SUs.

Every time the global LLR process {ﬁt} is updated at the FC it will be used in an
SPRT-like test to decide whether to stop or continue (receiving more information from
the SUs) and in the case of stopping to choose between the two hypotheses. Specifically
the corresponding sequential test (S’ , ) ¢) is defined, similarly to the centralized SPRT and
Q-SPRT, as

v
\.:;B>

. ) . 1, i
S =ty N:inf{n>0:Ltn¢(—B,A)}; S =

O

(2.65)

28
IN
|
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S counts in physical time units, whereas A/ in number of messages transmitted from the SUs
to the FC. Clearly (2.65) is the equivalent of (2.53) in the case of Q-SPRT and expresses
the reduction in communication rate as compared to the rate by which observations are
acquired. In Q-SPRT the reduction is deterministic since the SUs communicate once every
T unit times, whereas here it is random and dictated by the local level triggered sampling
mechanism at each SU. The thresholds A, B , as before, are selected so that (S , ) §) satisfies
the two error probability constraints with equality. The operations performed at the FC

are also summarized in Algorithm 2.

Algorithm 2 The SPRT-like procedure at the fusion center

1: Initialization: L < 0, n < 0

2: while L € (=B, A) do

3 n<n+1l

4:  Listen to the SUs and wait to receive the next bit b,, at time ¢,, from some SU
5 L+ L+b,A

6: end while

7: Stop at time S=t,

8 if L > A then

9 4 ¢ = 1 — the primary user is present
10: else
1: 4 & = 0 — the primary user is not present
12: end if

—_
w

: Inform all SUs the spectrum sensing result

2.5.2.3 Enhancement

A very important source of performance degradation in our proposed scheme is the differ-
ence between the exact value of L¥ and its approximation L¥ (see [12]). In fact the more
accurately we approximate LF the better the performance of the corresponding SPRT-like
scheme is going to be. In what follows we discuss an enhancement to the decentralized
spectrum sensing method described above at the SU and FC, respectively. Specifically, for
the SU, we consider using more than one bit to quantize the local incremental LLR values,
while at the FC, we are going to use this extra information in a specific reconstruction
method that will improve the approximation ﬁf and, consequently, the approximation of

the global running LLR. We anticipate that this enhancement will induce a significant im-
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provement in the overall performance of the proposed scheme by using only a small number
of additional bits. Finally we should stress that there is no need for extra bits in the case
of continuous-time and continuous-path signals since, as we mentioned, in this case ﬁf and

L¥ coincide.

Overshoot Quantization at the SU

Recall that for the continuous-time case, at each sampling instant, either the upper or the
lower boundary can be hit exactly by the local LLR, and therefore the information trans-
mitted to the fusion center was simply a 1-bit sequence and this is sufficient to recover
completely the sampled LLR using (2.62). In discrete-time case, at the time of sampling,
the LLR is no longer necessarily equal to the boundary since, due to the discontinuity of
the discrete-time signal, we can overshoot the upper boundary or undershoot the lower
boundary. The over/under shoot phenomenon introduces a discrepancy in the whole sys-
tem resulting in an additional information loss (besides the loss in time resolution due to
sampling). Here we consider the simple idea of allowing the transmission of more than one
bits, which could help approximate more accurately the local LLR and consequently reduce
the performance loss due to the over/under shoot phenomenon.

Bit b* informs whether the difference \* £ Lfﬁ — Lfﬁ,l overshoots the upper threshold
A or undershoots the lower threshold —A. Consequently the difference ¢& £ [A\F| — A > 0,
corresponds to the absolute value of the over/under shoot. It is exactly this value we
intend to further quantize at each SU. Note that ¢¥ cannot exceed in absolute value the
last observed LLR increment, namely ‘lf;g . To simplify our analysis we will assume that
|IF| < ¢ < oo for all k,t as in (2.50). In other words the LLR of each observation is uniformly
bounded across time and SUs.

Since for the amplitude ¢* of the overshoot we have ¢F < |lf§g | this means that 0 <
q,'j < ¢. Let us now divide the interval [0, ¢), uniformly, into the following 7 subintervals

[(m—1), m)%, m =1,...,7. Whenever ¢* falls into one such subintervals the corresponding
SU must transmit a quantized value ¢* to the FC. Instead of adopting some deterministic

strategy and always transmit the same value for each subinterval, we propose the following
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simple randomized quantization rule

P —exp(gk— ﬁ ¢
LﬁJ g, with probability p = 1—explan—(L ¢>¢J+1)r)
ik = o7 1—exp(= %) (2.66)
! e N exp(gh—[ | £)1
(L%J + 1);, with probability 1 — p = oo (O)1 .

N

Simply said, if ¢* € [(m — 1), m)% then we quantize ¢¥ either with the lower or the upper
end of the subinterval by selecting randomly between the two values. The quantized value
¥ that needs to be transmitted to the FC clearly depends on the outcome of a random game
and is not necessarily the same every time q,’i falls into the same subinterval. Regarding
the randomization probability p the reason it has the specific value depicted in (2.66) will
become apparent in Lemma 1.

If we have 7 subintervals then we transmit 7 + 1 different messages corresponding to
¢

the values m%, m = 0,...,7. Combining them with the sign bit bE that also needs to be
communicated to the FC, yields a total of 2(7#+1) possible messages requiring log, 2(147) =
1 4 logy(1 + 7) bits for transmitting this information. It is clear that each SU needs to
transmit only an index value since we assume that the FC knows the list of all 2(1 + 7)

quantized values.

Modified Update at the FC

Let us now turn to the FC and see how it is going to use this additional information.
Note that the k-th SU, every time it samples, transmits the pair (bfw (jfl) where, we recall,
the sign bit b’fL informs whether we overshoot the upper threshold A or undershoot the
lower threshold —A and (jfl the quantized version of the absolute value of the overshoot.
Consequently since we have \¥ = bk (A 4 ¢¥) it is only natural to approximate the difference
as follows

=tk (a+dh), (2.67)

which leads to the following update of the local running LLR

Lk =Lk
tk th

n—1

+ b (A + qz) . (2.68)

This should be compared with the simplified version (2.62) where the term ¢* is missing.

It is exactly this additional term that increases the accuracy of our approximation and
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contributes to a significant performance improvement in our scheme. Of course the update
of the global running LLR is much simpler. If the FC receives at time ¢,, information (b, g,,)
from some SU, then it will update its approximation of the global running LLR as follows

Li, =Ly, , +by (A+Gn). (2.69)

The updated value will be held constant until the next arrival of information from some
SU.
For the SU operations given in Algorithm 1, only line 10 should be modified when

multiple bits are used at each sampling instant, as follows

10:  Quantize ¢¥ as in (2.66) and send (b%,G*) to the fusion center at time ¢~ .

On the other hand, for the FC operations given in Algorithm 2, lines 4 and 5 should be

modified as follows

4: Listen to the SUs and wait to receive the next message (b, g,) from some SU.

5. L L+bu(A+Gn).

With the proposed modification at each SU and at the FC we have in fact altered the
communication protocol between the SUs and the FC and also the way the FC approximates
the global running LLR. The final sequential test (5’ , ) §) however, is exactly the same as in
(2.65). We are going to call our decentralized test Randomized Level Triggered SPRT and
denote it as RLT-SPRT'. As we will demonstrate theoretically and also through simulations,
the employment of extra bits in the communication between SUs and FC will improve,
considerably, the performance of our test, practically matching that of the optimum.

Let us now state a lemma that presents an important property of the proposed quanti-

zation scheme. Its proof is given in Appendix A.

Lemma 1. Let ¢F be the (7+1)-level quantization scheme defined in (2.66) for the overshoot
q,’i, then

E[exPh(A+an)|ph gk] < e2bh(Atan) — ¢t T (2.70)

where E[-] denotes expectation with respect to the randomization probabilities.

'In [12] the corresponding decentralized D-SPRT test that uses level triggered sampling at the sensors

(that play the role of the SUs) is based only on 1-bit communication.
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Note that the approximation in the incremental LLR Lfﬁ — Lfﬁ,l induces an equivalent
approximation for the incremental LR exp(LfEL — Lfﬁ,l)' The randomization is selected so
that the latter, in average (over the randomization), does not exceed the exact incremental
LR. One could instead select p so that the average of the approximation of the incremental
LLR matches the exact LLR value. Even though this seems as the most sensible selection,

unfortunately, it leads to severe analytical complications which are impossible to overcome.

The proposed definition of p, as we will see in the next section, does not have such problems.

2.5.3 Performance Analysis

In this section, we provide an asymptotic analysis on the stopping time of the decentral-
ized spectrum sensing method based on the level-triggered sampling scheme proposed in
Section 2.5.2, and compare it with the centralized SPRT procedure given by (2.48). A
similar comparison is performed for the conventional decentralized approach that uses uni-
form sampling and quantization [cf. (2.49),(2.52)]. For our comparisons we will be con-
cerned with the notion of asymptotic optimality for which we distinguish different levels [12;
65].

Definition 1. Consider any sequential scheme (T,d7) with stopping time T and decision
function d1 satisfying the two error probability constraints Po(d7 = 1) < a and P1(67 =
0) < B. If § denotes the optimum SPRT that satisfies the two error probability constraints
with equality then, as the Type-1 and Type-II error probabilities o, 5 — 0, the sequential

scheme (T ,67) is said to be order-1 asymptotically optimal if 2

=1+ 04,5(1); (2.71)
order-2 asymptotically optimal if

0 <E[T] - El[S]=0(1); (2.72)

2A quick reminder for the definitions of the notations o(-), O(-) and ©(:): f(z) = o (g(x)) if f(x) grows
with a lower rate than g(z); f(z) = O(g(z)) if f(z) grows with a rate that is no larger than the rate of
g(x); and f(z) = © (g(z)) if f(x) grows with exactly the same rate as g(z). Thus o(1) represents a term
that tends to 0. Particularly for this case we will write 0, (1) to indicate a quantity that becomes negligible

with z and 04,4(1) to indicate a quantity that becomes negligible either with x or with y or with both.
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and finally order-3, if
0 < Ei[T] — EiS] = o0as(1), (2.73)

where P;(+) and E;[] denote probability and the corresponding expectation under hypothesis

H;, i=0,1.

Remark: In our definitions the left-hand side inequalities are automatically satisfied because
S is the optimum test. Note that order-2 asymptotic optimality implies order-1 because
E;[S],E;[T] — o0 as «, 8 — 0; the opposite is not necessarily true. Order-1 is the most
frequent form of asymptotic optimality encountered in the literature but it is also the
weakest. This is because it is possible for E;[T] to diverge from the optimum E;[S] without
bound and still have a ratio that tends to 1. Order-2 optimality clearly limits the difference
to bounded values, it is therefore stronger than order-1. Finally the best would be the
difference to become arbitrarily small, as the two error probabilities tend to 0, which is the
order-3 asymptotic optimality. This latter form of asymptotic optimality is extremely rare
in the Sequential Analysis literature and corresponds to schemes which, for all practical
purposes, are considered as optimum per se.

Next we study the three sequential tests of interest, namely the optimum centralized
SPRT, the Q-SPRT and the RLT-SPRT and compare the last two with the optimum in
order to draw conclusions about their asymptotic optimality. We start by recalling from
the literature the basic results concerning the tests of interest in continuous time. Then
we continue with a detailed presentation of the discrete-time case where we analyze the
performance of Q-SPRT and RLT-SPRT when the corresponding quantization schemes

have a number of quantization levels that depends on the error probabilities.

2.5.3.1 Analysis of Centralized SPRT, Q-SPRT and RLT-SPRT

With continuous-time and continuous-path observations at the SUs, it is known that RLT-
SPRT, using only 1-bit achieves order-2 asymptotic optimality [12], whereas Q-SPRT can-
not enjoy any type of optimality by using fixed number of bits [66].

In discrete time the corresponding analysis of the three sequential schemes of interest
becomes more involved, basically due to the overshoot effect. This is particularly apparent

in RLT-SPRT where because of the overshoots, 1-bit communication is no longer capable
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of assuring order-2 asymptotic optimality as in the continuous-time and continuous-path
case. In order to recover this important characteristic in discrete time, we are going to use
the enhanced quantization/communication scheme proposed in Section 2.5.2.3. Let us now
consider in detail each test of interest separately.

In discrete time, for the optimum centralized SPRT, we have the following lemma that

provides the necessary information for the performance of the test.

Lemma 2. Assuming that the two error probabilities o, 3 — 0 at the same rate, the cen-

tralized SPRT, S, satisfies

i llog 8 | llog o]
Ey[S] > —— - 1); E[S] > —— - W), (274
where H(z,y) = xzlog 12, + (1 — )log I_Tx; and |; = %|E;[L1]|, i = 0,1 are the average

Kullback-Leibler information numbers of the process {L;} under the two hypotheses.

Proof. 1t should be noted that these inequalities become equalities in the continuous-time

continuous-path case. The proof can be found in [67, Page 21]. ]

Let us now turn our attention to the two decentralized schemes, namely the classical
Q-SPRT and the proposed RLT-SPRT. We have the following theorem that captures the
performance of Q-SPRT.

Theorem 3. Assuming that the two error probabilities o, 5 — 0 at the same rate, and that
the number 7 of quantization levels increases with «, 3, then the performance of Q-SPRT,

S, as compared to the optimum centralized SPRT, S, satisfies

0 <Ei[S]—Ei[S] < %%{1 +0:(1)} + Tlf{l +0i(1)} + 04(1)
2/10g 6] 6 s (27)
0 < EofS) — EolS] < 222821200 4 0,1} + T2 {1 + 05(1)} + 05(1).
Klo r |0
Proof. We provide the proof in [20, Appendix Al. O

As with the classical scheme, let us now examine the behavior of the proposed test when
the number of quantization levels increases as a function of the two error probabilities «, 5.

We have the next theorem that summarizes the behavior of RLT-SPRT.
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Theorem 4. Assuming that the two error probabilities o, 3 — 0 at the same rate, and that

the number 7 of quantization levels increases with o, B, then the performance of RLT-SPRT,

S, as compared to the optimum centralized SPRT, S, satisfies

5 |log o ¢ 1
0 < Ey[S] — E4[S] < K1 tanh(3) max (7, 1}{1 +oas(1)} + H(A + @) + oa (1) + 0a(1),
5 | log 8] ¢

0< E(][S] — E(][S] <

1
= Kioa tanh(8) maxr 1) U oarE (B 0) Foas(l) +os(l).

(2.76)

Proof. The proof can be found in [20, Appendix BJ. O

2.5.3.2 Comparisons

In order to make fair comparisons, the two decentralized schemes need to satisfy the same
communication constraints. First, each SU is allowed to use at most s bits per communica-
tion. This means that the number of quantization levels 7 in Q-SPRT must satisfy 7 = 2°
while for RLT-SPRT we have 2(1 + #) = 2° suggesting that 7 = 2571 — 1.

The second parameter that needs to be specified is the information flow from the SUs
to the FC. Since receiving more messages per unit time increases the capability of the FC
to make a faster decision, it makes sense to use the average rate of received messages by
the FC as a measure of the information flow. In Q-SPRT, every T units of time the FC
receives, synchronously, K messages (from all SUs), therefore the average message rate is
%. Computing the corresponding quantity for RLT-SPRT is less straightforward. Consider
the time interval [0,¢] and denote with N; the total number of messages received by the FC
until t. We clearly have N; = 71| NF where N} is the number of messages sent by the

k-th SU. We are interested in computing the following limit

K o K K
1 1
tlim /\T[t = tlim E /\% = tlim ; 7 . = E E T
—00 —00 —00 :
k=1 =1 W(Znél th—th 1)+ o (t = tf\/tk) = il
(2.77)

where we recall that {t*} is the sequence of sampling times at the k-th SU and for the

last equality we used the Law of Large Numbers since when ¢ — oo we also have Mk —

oo. Consequently we need to select A so that zgzl ﬁ = % To obtain a convenient
11Vl

formula we are going to become slightly unfair for RLT-SPRT. From [20, Lemma 7| we
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have that —— L) which means that S L < K Therefore, if
Ei[tf] — Atanh(5)’ ’ k=L E;[tf]] = Atanh(5)" )
Kl; _ K : AN .

we set Rtan(d) = T or, equivalently, Atanh(5) = Tl;, the average message rate of

RLT-SPRT becomes slightly smaller than the corresponding of Q-SPRT. Note that the
average Kullback-Leibler information numbers, I;,7 = 0, 1, can be once computed offline via
simulations.

Under the previous parameter specifications, we have the following final form for the

performance of the two schemes. For Q-SPRT

0 < B1S) - E1lS] < 7 AT 4 00(0) 4 T 4 00(0) 4 00(1)
0% E0lS] ~ EafS] < 03 pr (14 0, (1) + T {1+ 04(1)) + 05(0; o
while for RLT-SPRT
0<E[S]—Ei[S] < %;@ max{\zio_gla_y =Y {1+ors()}+T+ % + or,5(1) + 0a(1),
0 < B8]~ ElS) € g ety (4 om0} 4 T+ 4 oma(1) + 00 (1),

(2.79)

Comparing (2.78) with (2.79) there is a definite resemblance between the two cases.
However in RLT-SPRT we observe the factor % in the first term of the right hand side
which, as we will immediately see, produces significant performance gains. Since T is the
communication period, and we are in discrete time, we have T > 1. Actually, for the
practical problem of interest we have T > 1 suggesting that the first term in RLT-SPRT is
smaller by a factor T', which can be large.

For fixed T and s, none of the two schemes is asymptotically optimum even of order-
1. However, in RLT-SPRT we can have order-1 asymptotic optimality when we fix the

number of bits s and impose large communication periods. Indeed using (2.74) of Lemma 2

we obtain
E1[S] E1[S] — E1[S] ( 1 ) TKl
1< =1+ ———<140 | =)+ + 0q(1), 2.80
S S 7) " Toga T 250
consequently selecting T" — oo but @ — 0 we assure order-1 optimality. It is easy to

verify that the best speed of convergence towards 1 of the previous right hand side expression

is achieved when T' = O(y/|log a|).
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We should emphasize that similar order-1 optimality result, just by controlling the
period T', cannot be obtained in Q-SPRT, and this is due to the missing factor % in (2.78).
Consequently this is an additional indication (besides the continuous-time case) that the
proposed scheme is more efficient than the classical decentralized Q-SPRT.

Let us now examine how the asymptotic optimality properties of the two methods im-
prove when we allow the number of bits s to grow with «, 8, while keeping T" constant. Note
that in the case of Q-SPRT selecting 2°~! = |loga/ or, equivalently, s = 1 + log, |log c|
assures order-2 asymptotic optimality. For RLT-SPRT, using for simplicity the approxima-
tion 2571 —1 a2 2571 the same computation yields s = 1+log, | log a| —log, T. Of course the
two expressions are of the same order of magnitude, however in RLT-SPRT the additional
term — log, 7', for all practical purposes, can be quite important resulting in a need of sig-
nificantly less bits than Q-SPRT to assure order-2 asymptotic optimality. The conclusions
obtained through our analysis, as we will see in the next section, are also corroborated by

our simulations.

2.5.4 Simulation Results

In this section, we provide simulation results to evaluate the performance of the proposed
cooperative spectrum sensing technique based on level-triggered sampling and that based
on conventional uniform sampling, and how the two tests compare with the optimum cen-
tralized scheme. In the simulations, the sampling period of the uniform sampling is set as
T = 4. For the level triggered sampling, we adjust the local threshold A so that the average
rate of received messages by the FC matches that of uniform sampling, i.e. Z,[::l ﬁtl’“} = %
(see Section 2.5.3.2). The upper-bound ¢ for overshoot values is set as the 10™* quantile of
the LLR of a single observation which is computed once offline via simulations. We mainly
consider a cognitive radio system with two SUs, i.e., K = 2, but the effect of increasing user
diversity is also analyzed in the last subsection. All results are obtained by averaging 10
trials and using importance sampling to compute probabilities of rare events. We primarily
focus on the energy detector since it is the most widely used spectrum sensing method. The

results for the spectral shape detector and the Gaussian detector are quite similar. In the

subsequent figures average sensing delay performances are plotted under H;.
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Figure 2.6: Average decision delay vs error probabilities («, 3) for optimum centralized and

Q-SPRT, RLT-SPRT with 1,2,3,00 number of bits.

Fized SNR and K, varying o, 3: We first verify the theoretical findings presented in

Section 2.5.3 on the asymptotic optimality properties of the decentralized schemes. We
assume two SUs operate in the system, i.e. K = 2. For the energy detector, we set the
receiver SNR for each SU to 5 dB and vary the error probabilities a and 3 together between
107! and 1071°.

Fig. 2.6 illustrates asymptotic performances of the decentralized schemes using 1,2,
3 and oo number of bits. Our first interesting result is the fact that by using a finite
number of bits we can only achieve a discrete number of error rates. Specifically, if a

finite number of bits is used to represent local incremental LLR packages, then there is

14
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a finite number of possible values to update the global running LLR (e.g. for one bit we
have +A). Hence, the global running LLR, which is our global test statistic, can assume
only a discrete number of possible values. This suggests that any threshold between two
consecutive LLR values will produce the same error probability. Consequently, only a
discrete set of error probabilities (o, 3) are achievable. Increasing the number of bits clearly
increases the number of available error probabilities. With infinite number of bits any
error probability can be achieved. The case of infinite number of bits corresponds to the
best achievable performance for Q-SPRT and RLT-SPRT. Having their performance curves
parallel to that of the optimum centralized scheme, the oo-bit case for both Q-SPRT and
RLT-SPRT exhibits order-2 asymptotic optimality. Recall that both schemes can enjoy
order-2 optimality if the number of bits tends to infinity with a rate of log |log «.

It is notable that the performance of RLT-SPRT with a small number of bits is very close
to that of co-bit RLT-SPRT at achievable error rates. For instance, the performance of 1-bit
case coincides with that of oco-bit case, but only at a discrete set of points as can be seen
in Fig.2.6-b. However, we do not observe this feature for Q-SPRT. Q-SPRT with a small
number of bits (especially one bit) performs significantly worse than co-bit case Q-SPRT as
well as its RLT-SPRT counterpart. In order to achieve a target error probability that is not
in the achievable set of a specific finite bit case, one should use the thresholds corresponding
to the closest smaller error probability. This incurs a delay penalty in addition to the delay
of the co-bit case for the target error probability, demonstrating the advantage of using more
bits. Moreover, it is a striking result that 1-bit RLT-SPRT is superior to co-bit Q-SPRT at
its achievable error rates, which can be seen in Fig. 2.6—c.

Fig. 2.7 corroborates the theoretical result related to order-1 asymptotic optimality that
is obtained in (2.80). Using a fixed a number of bits, s = 2, the performance of RLT-SPRT
improves and achieves order-1 asymptotic optimality, i.e. Ei% =1+o0(1), as the communi-

cation period tends to infinity, 7' = O(4/|log a|). Conversely, the performance of Q-SPRT

deteriorates under the same conditions. Although in both cases Q-SPRT converges to the
same performance level, its convergence speed is significantly smaller in the increasing T’
case, which can be obtained theoretically by applying the derivation in (2.80) to (2.78).
This important advantage of RLT-SPRT over Q-SPRT is due to the fact that the quanti-
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Figure 2.7: Average decision delay normalized by the optimum centralized performance

vs. error probabilities (a, §) for Q-SPRT and RLT-SPRT with 2 bits and communication
period either T'=4 or T'= ©(4/|log a|).

zation error (overshoot error) observed by SUs at each communication time in RLT-SPRT
depends only on the LLR of a single observation, but not on the communication period,
whereas that in Q-SPRT increases with increasing communication period. Consequently,
quantization error accumulated at the FC becomes smaller in RLT-SPRT, but larger in
Q-SPRT when T = O(y/]logal) compared to the fixed T case. Note in Fig.2.7 that, as
noted before, only a discrete number of error rates are achievable since two bits are used.
Here, we preferred to linearly combine the achievable points to emphasize the changes in
the asymptotic performances of RLT-SPRT and Q-SPRT although the true performance
curves of the 2-bit case should be stepwise as expressed in Fig. 2.6.

Fized o, B and K, varying SNR: Next, we consider the sensing delay performances of Q-
SPRT and RLT-SPRT under different SNR conditions with fixed o« = 8 = 1075 and K = 2.

In Fig. 2.8, it is clearly seen that at low SNR values there is a huge difference between Q-
SPRT and RLT-SPRT when we use one bit, which is the most important case in practice.
This remarkable difference stems from the fact that the one bit RLT-SPRT transmits the
most part of the sampled LLR information (except the overshoot), whereas Q-SPRT fails
to transmit sufficient information by quantizing the LLR information. Moreover, as we can

see the performance of the 1-bit RLT-SPRT is very close to that of the infinite bit case and
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the optimum centralized scheme. At high SNR values depicted in Fig. 2.8-b, schemes all
behave similarly, but again RLT-SPRT is superior to Q-SPRT. This is because the sensing
delay of Q-SPRT cannot go below the sampling interval T' = 4, whereas RLT-SPRT is not

bounded by this limit due to the asynchronous communication it implements.

40f -
Optimum B 8?55;11?{‘%1130
2000 Q-SPRT « || L Q-SPRT 1
S R Q-SPRT 1 8 -
. - o RLT-SPRT =
RLT-SPRT = e RLT-SPRT 1
------- RLT-SPRT 1 sl - SPRTL |

—
15
S
S

1000 -

Average Delay
Average Delay
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oo s« a2 0
SNR(dB) SNR(dB)

(a) (b)

Figure 2.8: Average decision delay vs SNR for optimum centralized and Q-SPRT, RLT-
SPRT with 1,00 number of bits.

Fized SNR, o and 3, varying K: We, then, analyze the case where the user diversity

increases. In Fig. 2.9, it is seen that with increasing number of SUs, the average sensing
delays of all schemes decay with the same rate of 1/K as shown in Section 2.5.3 (cf. (2.74),
(2.75) and (2.76)). The decay is more notable for the 1-bit case because the overshoot
accumulation is more intense, but very quickly becomes less pronounced as we increase the
number of SUs. It is again interesting to see that the 1-bit RLT-SPRT is superior to the
oo-bit Q-SPRT for values of K greater than 3.

2.6 Conclusion

In this chapter, we considered detection in distributed systems with resource (e.g., time,
energy, bandwidth) constraints. We have proposed sequential detectors that use level-
triggered sampling for information transmission, as opposed to the classical fixed-sample-size

detectors and conventional information transmission methods based on uniform sampling
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Figure 2.9: Average decision delay vs number of SUs (K) for optimum centralized and

Q-SPRT, RLT-SPRT with 1,00 number of bits.

and quantization. The proposed detectors are designed to satisfy timing (i.e., latency)
constraints thanks to their sequential nature, which aims to minimize average decision delay;
and also energy and bandwidth constraints by transmitting low rate information through
level-triggered sampling. And they significantly outperform their classical counterparts.

We have first proposed a detector that transmits a single bit per sample, and assumes
that the local error probabilities at nodes are available to the fusion center. We have further
designed the proposed detector to operate in a channel-aware manner under different noisy
channel models. The average decision delay performance of the proposed detector has also
been analyzed (both non-asymptotically and asymptotically). And based on the asymp-
totic analysis the appropriate signaling constellations have been identified under different
continuous channels.

We have then developed a similar sequential detector based on level-triggered sampling
for cooperative spectrum sensing in cognitive radio networks. In this detector, without
assuming the knowledge of local error probabilities, a few additional bits per sample are
used as an alternative method to deal with the overshoot problem. We have shown both
analytically and numerically that the proposed spectrum sensing scheme performs much
better than its conventional counterpart based on uniform sampling in terms of average

sensing delay.
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Chapter 3

Sequential Estimation for Linear

Models

3.1 Introduction

In this chapter, we are interested in sequentially estimating a vector of parameters (i.e., re-
gression coefficients) € R™ at a random stopping time S in the following linear (regression)
model,

yt:h$m+wt, teN, (3.1)

where y; € R is the observed sample, h; € R™ is the vector of regressors and w; € R is the
additive noise. We consider the general case in which h; is random and observed at time
t, which covers the deterministic h; case as a special case. This linear model is commonly
used in many applications. For example, in system identification, x is the unknown system
coefficients, h; is the (random) input applied to the system, and y; is the output at time ¢.
Another popular example is the signal amplitude estimation in a communications channel,
where x is the transmitted signal, y; is the received signal, h; is the (fading) channel gain
(which is also estimated periodically using pilot signals), and w; is the additive channel
noise.

A sequential estimator (S, Zs), as opposed to a traditional fixed-sample-size estimator,

is equipped with a stopping rule which determines an appropriate time S to stop taking



CHAPTER 3. SEQUENTIAL ESTIMATION FOR LINEAR MODELS o6

samples based on the observed samples. Hence, the stopping time S (i.e., the number of
samples used in estimation) is a random variable. Endowed with a stopping mechanism, a
sequential estimator is preferred to its fixed-sample-size counterpart especially when taking
samples is costly, and thus we want to minimize the average sample number. Another
advantage of sequential estimators is that they provide online estimates, whereas fixed-
sample-size estimators produce offline estimates. More specifically, in sequential estimation,
we keep refining our estimate as new samples arrive until no further refinement is needed
(i.e., the accuracy of our estimator reaches a target level). On the other hand, in fixed-
sample-size estimation, a single estimate is provided after observing a certain number of
samples.

Distributed (e.g., cyber-physical) systems are currently a key area of research, with
many emerging technologies such as wireless sensor networks, cognitive radio networks,
smart grids, and networked control systems. Distributed estimation is a fundamental task
that can be realized in such systems. Timing constraints are typical of distributed systems,
which we can address with sequential estimators. However, the online nature of sequential
estimation, in the ideal case, requires frequent high-rate data communications across the
system, which becomes prohibitive for energy-constrained systems (e.g., a wireless sensor
network with a large number of sensors). Thus, for such resource-constrained systems,
designing resource-efficient distributed estimators is of utmost importance. On the other
hand, fixed-sample-size estimators fail to satisfy both the timing and resource constraints
in distributed systems since a considerable amount of data communications simultaneously
takes place at the deterministic estimation time, which may also cause congestion in the

system [23].

3.1.1 Literature Review

The stopping capability of sequential estimators comes with the cost of sophisticated anal-
ysis. In most cases, finding an optimum sequential estimator that attains the sequential
Cramér-Rao lower bound (CRLB) is not a tractable problem if the stopping time S is
adapted to the complete observation history [68]. Alternatively, [69] and more recently in

[14; 23] proposed to restrict S to stopping times that are adapted to a specific subset of the
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complete observation history, which leads to simple solutions with alternative optimality.
This idea of using a restricted stopping time first appears in [69] without any optimality
result. In the case of continuous-time observations, a sequential estimator with a restricted
stopping time was shown to achieve the sequential version of the CRLB in [14]. In the
discrete-time case, a similar sequential estimator was shown to achieve the conditional se-
quential CRLB in [23].

Here, with discrete-time observations and using a similar restricted stopping time we
present the optimum sequential estimator for the more challenging unconditional problem.
Moreover, we treat the vector parameter estimation problem, whereas only the scalar pa-
rameter estimation problem was considered in [69; 14; 23].

Distributed vector parameter estimation has been studied in a variety of papers, e.g., [70;
71; 72; 73; 74; 75; 76; 77; 78; 79]. Among those [70; 71; 73; 74; 75] consider a wireless sensor
network with a fusion center (FC), which computes a global estimator using local informa-
tion received from sensors, whereas [76; 77; 78; 79] consider ad hoc wireless sensor networks,
where sensors in the absence of an FC compute their local estimators and communicate them
through the network. Distributed estimation under both network topologies is reviewed in
[72]. In [70; 72; 75; 76; 78; T9] a general nonlinear signal model is assumed.

The majority of pertinent works in the literature, e.g., [70; 71; 72; 73; 74; 75; 76;
77], studies fixed-sample-size estimation. There are a few works, such as [78; 79], that
consider sequential distributed vector parameter estimation. Nevertheless, [78; 79] as-
sume that sensors transmit real numbers, which obviously requires quantization in prac-
tice. In many applications quantization must be performed using a small number of
bits due to strict energy constraints. Recently, in a series of papers [12; 20; 21; 14;
23] it was shown that level-triggered sampling, which is a non-uniform sampling method,
meets such strict constraints by infrequently transmitting a single bit from sensors to the
FC. Moreover, distributed schemes based on level-triggered sampling can significantly out-
perform their counterparts based on traditional uniform-in-time sampling [20].

Following the distributed schemes based on level-triggered sampling presented for scalar
parameter estimation in [14] and [23] we propose in this chapter a computationally efficient

distributed scheme for wvector parameter estimation. In the level-triggered sampling proce-
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dure, we propose to encode the random overshoot in each sample, which is due to discrete-
time observations, in time, unlike [20; 23], which quantize the random overshoot, and [12;
21], which compute an average value for it. Instead of the direct implementation of level-
triggered sampling for each dimension of the unknown parameter vector, which has a
quadratic computational complexity in the number of dimensions, we develop a simpli-
fied distributed estimator based on level-triggered sampling with a linear computational

complexity.

3.1.2 Outline

In the first part of the chapter, for a restricted class of stopping rules that depend solely on
the regressors, {h;} in (3.1), we formulate the problem in Section 3.2. We then derive, in
Section 3.3, the optimum sequential estimators, that minimize the average sample number
for a given target accuracy level, under two different formulations of the problem. In the
first formulation, we use the conditional covariance of the estimator given the regressors
{h} to assess its accuracy, and show that the optimum stopping rule is a one-dimensional
thresholding on the Fisher information, regardless of the dimension of the unknown pa-
rameter vector . In the second formulation, following the common practice, we use the
(unconditional) covariance of the estimator to assess its accuracy, and show that the com-
plexity of the optimal stopping rule increases prohibitively with the dimension of . Our
analytical results demonstrate the usefulness of conditioning on ancillary statistics such as
{h:}. Although covariance is a generic accuracy measure, conditional covariance is preferred
to it in the presence of an ancillary statistic that is independent of the unknown parameters
80].

Then, in the second part of the chapter, from the optimum sequential estimator in
the conditional problem, we develop, in Section 3.4, a computationally efficient distributed
sequential estimator that meets the timing and stringent energy constraints in a wireless
sensor network. We achieve the energy efficiency via level-triggered sampling, a nonuniform
sampling technique, and the computational efficiency through a simplification on the opti-
mal estimator. Simulation results show that the simplified distributed estimator attains a

very similar performance to those of the unsimplified distributed estimator and the optimal
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estimator when the regressors in h; are uncorrelated. We also show in the simulation re-
sults that the performance gap between the simplified estimator and the unsimplified and
optimal estimators increases with the correlation. Nevertheless, the simplified estimator
achieves a good performance even in the correlated case. Finally, the chapter is concluded

in Section 3.5.

3.2 Problem Formulation and Background

In (3.1), at each time t, we observe the sample y; and the vector hy, hence {(yp, hy)},_; are
available. We assume {w;} are i.i.d. with E[w;] = 0 and Var(w;) = o>. We are interested in

sequentially estimating x. The least squares (LS) estimator minimizes the sum of squared

errors, i.e.,
t
~ . T 2
T, = argmin >y~ hy ), (3.2)
p=1
and is given by
-1
t t
Ty = Zhl’h;{ Z hyyp, = (H{ H;)"'H{'y,, (3.3)
p=1 p=1

where H; = [hy,...,h)T and y, = [y1, ..., y:]".
Under the Gaussian noise, wy ~ N(0, 0?), the LS estimator coincides with the minimum
variance unbiased estimator (MVUE), and achieves the CRLB, i.e., Cov(&;|H;) = CRLB;.

To compute the CRLB we first write, given & and H, the log-likelihood of the vector y, as

t T,..\2
(yp —hyx)* ¢
Ly =log f(y,|@, H) = = psz —3 log(2mo?). (3.4)
p=1
Then, we have
02 -
CRLB,; = (E [—@LAHtD =o?U; !, (3.5)

~ox?
matrix. Since E[y,|H;] = Hx and Cov(y,|H;) = ¢*I, from (3.3) we have E[z;|H;] = x

and Cov(z¢|H}) = 02U, ", thus from (3.5) Cov(a;|H;) = CRLB;. Note that the maximum

where E [ o2 Lt|H t] is the Fisher information matrix and U; & H ?H ¢ is a nonsingular

likelihood (ML) estimator, that maximizes (3.4), coincides with the LS estimator in (3.3).
In general, the LS estimator is the best linear unbiased estimator (BLUE). In other

words, any linear unbiased estimator of the form Ay, with A; € R"*! where E[Ay,|H}] =
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x, has a covariance no smaller than that of the LS estimator in (3.3), i.e., Cov(Ay,|H};) >
02U, ! in the positive semidefinite sense. To see this result we write A, = (H? H,)"'HT +
B; for some B; € R™ !, and then Cov(A;y,|H;) = 0?U; " + 02B;BT, where B;BT is a
positive semidefinite matrix.

The recursive least squares (RLS) algorithm enables us to compute &; in a recursive
way as follows

@ = & + Ki(ye — hl @)

P,_.h, (3.6)

where Ky = ———"  and P, =P, — K:hl' P, 1,
t L+ hT P, 1hy t t—1 thy Pyr1

where K; € R" is a gain vector and P; = U, !, While applying RLS we first initialize
2o = 0 and Py = 6 'I, where 0 represents a zero vector and ¢ is a small number, and then

at each time ¢ compute K;, &; and P; as in (3.6).

3.3 Optimum Sequential Estimators

In this section we aim to find the optimal pair (7,&7) of stopping time and estimator
corresponding to the optimum sequential estimator. The stopping time for a sequential
estimator is defined as the time it first achieves a target accuracy level. We assess the
accuracy of an estimator by using either its covariance matrix Cov(&;), which averages also
over H;, or conditional covariance matrix Cov(&;|H}). Although traditionally the former is
used in general, in the presence of an ancillary statistic whose distribution does not depend
on the parameters to be estimated, such as Hy, the latter was shown to be a better choice
in [80] through asymptotic analysis. Specifically, the optimum sequential estimators can be

formulated as the following constrained optimization problems,

min E[T|H 7| subject to f(Cov(z7|H7)) <C, (3.7)
T,Z7

and min E[7] subject to f(Cov(z7)) <C, (3.8)
T, L7

under the conditional and unconditional setups, respectively, where f(-) is a function from
R™"™ to R and C € R is the target accuracy level.
Note that the constraint in (3.7) is stricter than the one in (3.8) since it requires that &1

satisfies the target accuracy level for each realization of H, whereas in (3.8) it is sufficient
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that &7 satisfies the target accuracy level on average. In other words, in (3.8) even if for
some realizations of H7 we have f (Cov(z7|H 7)) > C, we can still have f (Cov(z7)) < C.
In fact, we can always have f (Cov(x7)) = C by using a probabilistic stopping rule such
that we sometimes stop above C, ie., f(Cov(zy|H7)) > C, and the rest of the time
at or below C, i.e., f(Cov(xr|H7)) < C. On the other hand, in (3.7) we always have
f(Cov(zr|HT)) < C, and moreover since we observe discrete-time samples, in general we
have f (Cov(z7|H 7)) < C for each realization of H7. Hence, the optimal objective value
E[7] in (3.8) will, in general, be smaller than the optimal objective value E[T|H 7| in (3.7).
Note that on the other hand, if we observed continuous-time processes with continuous
paths, then we could always have f (Cov(z7|H 7)) = C for each realization of H7, and
thus the optimal objective values of (3.7) and (3.8) would be the same.

The accuracy function f should be a monotonic function of the covariance matrices
Cov(@7|H ) and Cov(z7), which are positive semi-definite, in order to make consistent
accuracy assessments, e.g., f(Cov(&7)) > f(Cov(zs)) for T < S since Cov(z7) > Cov(Zs)
in the positive definite sense. T'wo popular and easy-to-compute choices are the trace Tr(-),
which corresponds to the mean squared error (MSE), and the Frobenius norm || - [|. In the

sequel we will next treat the two problems in (3.7) and (3.8) separately.

3.3.1 The Optimum Conditional Sequential Estimator

Denote {F;} as the filtration that corresponds to the samples {yi,...,y:} where F; =
o{y1,...,y} is the o-algebra generated by the samples observed up to time ¢ and Fy is
the trivial o-algebra. Similarly we define the filtration {#;} where H; = o{hi,..., h},
i.e., the accumulated history related to the coefficient vectors, and Hg is again the trivial
o-algebra. It is known that, in general, with discrete-time observations and an unrestricted
stopping time, that is {F; U H; }-adapted, the sequential CRLB is not attainable under any
noise distribution (Gaussian or non-Gaussian) except for the Bernoulli noise [68]. On the
other hand, in the case of continuous-time observations with continuous paths the sequential
CRLB is attainable by using an {#, }-adapted stopping time [14]. Moreover, with an {H;}-
adapted stopping time, that depends only on H 7, the LS estimator attains the conditional

sequential CRLB as we will show in the following Lemma. Hence, in this paper we restrict
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our attention to {#;}-adapted stopping times as in [69; 14; 23].

Lemma 3. With a monotonic accuracy function f and an {H;}-adapted stopping time T

we can write
f (Cov(@r|HT)) > f (a°UT) (3.9)

for all unbiased estimators under Gaussian noise, and for all linear unbiased estimators
under non-Gaussian noise, and the inequality in (3.9) holds with equality for the LS esti-

mator.

The proof is given in Appendix B. Since T is {H;}-adapted, i.e., determined by Hr,
we have E[T|H 1| = T, and thus from (3.7) we want to find the first time that a member of
our class of estimators (i.e., unbiased estimators under Gaussian noise and linear unbiased
estimators under non-Gaussian noise) satisfies the constraint f (Cov(z7|H7)) < C, as well
as the estimator that attains this earliest stopping time. From Lemma 3 it is seen that
the LS estimator achieves the earliest stopping time among its competitors. Hence, for the
conditional problem the optimal pair of stopping time and estimator is (7, &) where T is
given by

T =min{t € N: f (c*U; ") < C}, (3.10)

and from (3.3),
&7 =U'Vr, Vr £ Hlyr, (3.11)

which can be computed recursively as in (3.6). The recursive computation of U, S
the test statistic in (3.10) is also given in (3.6). Note that for an accuracy function f such

that f(o?U; ') = o2 f(U; "), e.g., Tr(-) and || - ||, we can use the following stopping time,
T=min{te N: f(U;") <C'}, (3.12)

where C' = U% is the relative target accuracy with respect to the noise power. Hence, given
C' we do not need to know the noise variance o2 to run the test given by (3.12).

Note that U; = H%th is a non-decreasing positive semi-definite matrix, i.e., U; >
U;_1,Vt, in the positive semi-definite sense. Thus, from the monotonicity of f, the test

statistic f (O'2U : 1) is a non-increasing scalar function of time. Specifically, for accuracy
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functions Tr(+) and ||- || we can show that if the minimum eigenvalue of U, tends to infinity
as t — oo, then the stopping time is finite, i.e., 7 < oo.

For the special case of scalar parameter estimation, we do not need a function f to assess
the accuracy of the estimator since instead of a covariance matrix we now have a variance
Z—i, where u; = 2;}21 h2 and hy is the scaling coefficient in (3.1). Hence, from (3.12) the

stopping time in the scalar case is given by

T:min{teN:utZ%}, (3.13)

where 74 is the Fisher information at time ¢. This result is in accordance with (23, Eq. (3)].

3.3.2 The Optimum Unconditional Sequential Estimator

In this case we assume {h;} is i.i.d.. From the constrained optimization problem in (3.8),

using a Lagrange multiplier A we obtain the following unconstrained optimization problem,
min E[T]+ Af (Cov(z7)). (3.14)
T,L1

We are again interested in {H;}-adapted stopping times to use the optimality property of

the LS estimator in the sequential sense. For simplicity assume a linear accuracy function

f so that f(E[]) = E[f(")], e.g., the trace function Tr(-). Then, our constraint function

becomes the sum of the individual variances, i.e., Tr(Cov(27)) = > i, Var(2%). Since

Tr (Cov(@1)) = Tr (E[Cov(z7|HT)]) = E[Tr (Cov(7|H7T))|, we rewrite (3.14) as

min E[7 + ATr (Cov(zr|H7T))], (3.15)

T &7
where the expectation is with respect to H .

From Lemma 3, we have Tr (Cov(&7|H7)) > Tr (U 7_-1) where 02U ! is the covariance
matrix of the LS estimator at time ¢. Note that U;/o? is the Fisher information matrix at
time ¢ [cf. (3.5)]. Using the LS estimator we minimize the objective value in (3.15). Hence,
&7 given in (3.11) [cf. (3.6) for recursive computation] is also the optimal estimator for the
unconditional problem.

Now, to find the optimal stopping time we need to solve the following optimization
problem,

mTin E[7T +ATr (02U7_-1)] , (3.16)
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which can be solved by using the optimal stopping theory. Writing (3.16) in the following

alternative form

T-1
min E S 14ATr (PUFY |, (3.17)
t=0

we see that the term 2;61 1 accounts for the cost of not stopping until time 7 and the
term ATr (02U }1) represents the cost of stopping at time 7. Note that U; = Uy_1 + hthg
and given Uy_; the current state U, is (conditionally) independent of all previous states,
hence {U;} is a Markov process. That is, in (3.17), the optimal stopping time for a Markov

process is sought, which can be found by solving the following Bellman equation:

V(U) = min { \Tr (c*U ), 1 + EN(U + hih{)|U] }, (3.18)
FU) (o)

where the expectation is with respect to hy and V is the optimal cost function [81]. The
optimal cost function is obtained by iterating a sequence of functions {V,,} where V(U) =

lim;;, 00 Vin (U) and
Vi (U) = min {ATr (6*U™) ,1 + E[Vi_1 (U + h1h{)|U]}.

In the above optimal stopping theory, dynamic programming is used. Specifically, the
original complex optimization problem in (3.16) is divided into simpler subproblems given
by (3.18). At each time ¢t we are faced with a subproblem consisting of a stopping cost
F(Uy) = A\Tr (0'2Ut_1) and an expected sampling cost G(U;) = 1 + E[V(U+1)|U4 to
proceed to time t 4+ 1. Since {U;} is a Markov process, and {h;} is i.i.d., (3.18) is a
general equation holding for all £. The optimal cost function V(U}), selecting the action
with minimum cost (i.e., either continue or stop), determines the optimal policy to follow
at each time ¢t. That is, we stop the first time the stopping cost is smaller than the average
cost of sampling, i.e.,

T =min{t e N: V(U;) = F(Uy)}.

We obviously need to analyze the structure of V(U,), i.e., the cost functions F'(U;) and
G(Uy,), to find the optimal stopping time 7.
Note that V, being a function of the symmetric matrix U = [u;;] € R"*", is a function

of "22+ I variables {u;; : i < j}. Analyzing a multi-dimensional optimal cost function proves
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intractable, hence we will first analyze the special case of scalar parameter estimation and
then provide some numerical results for the two-dimensional vector case, demonstrating

how intractable the higher dimensional problems are.

3.3.2.1 Scalar case

For the scalar case, from (3.18) we have the following one-dimensional optimal cost function,
. [ Ao? 9
V(u) = min 0 1+ EV(u+hi) ¢, (3.19)

where the expectation is with respect to the scalar coefficient h;. Specifically, at time ¢
. L . . 2

the optimal cost function is written as V(u;) = min {%, 1+ E[V(Ut+1)]}, where w41 =

ug+h, . Writing V as a function of z; = 1/u; we have V(z;) = min {Ao?z;, 1 + E[V(2¢41)] },

where 2411 = , and thus in general

2t
1+zthf+1

V(2) = min { do%1+E [v <%Zh%>} } (3.20)

G(2)

We need to analyze the cost functions F(z) = Ao?z and G(z) = 1 +E [V (ﬁ)} The
1
former is a line, whereas the latter is, in general, a nonlinear function of z. We have the

following lemma regarding the structure of V(z) and G(z). Its proof is given in the Appendix

B.

Lemma 4. The optimal cost V and the expected sampling cost G, given in (3.20), are

non-decreasing, concave and bounded functions of z.

Following Lemma 4 the theorem below presents the stopping time for the scalar case of

the unconditional problem. The proof can be found in Appendix B.

Theorem 5. The optimal stopping time for the scalar case of the unconditional problem in

(3.8) with Tr(-) as the accuracy function is given by

T:min{teN:utE%}, (3.21)

where C" is selected so that E [%} = C, i.e., the variance of the estimator exactly hits the

target accuracy level C'.
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Note that the optimal stopping time in (3.21) is of the same form as that in the scalar
case of the conditional problem, where we have 7 = min {t € N: u, > &} from (3.13). In

both conditional and unconditional problems the LS estimator

. T
T = —
uT

is the optimal estimator. The fundamental difference between the optimal stopping times

Algorithm 3 The procedure to compute the threshold C” for given C
1: Select C”
. o2 . ) T
2: Estimate C =E {E} through simulations, where ur = >",_, h?
3: if C = C then
4:  return C”

5: else
6: if C > C then
7 Decrease C”
8  else
9: Increase C”
10:  end if
11:  Go to line 2
12: end if

in (3.13) and (3.21) is that the threshold in the conditional problem is written as C" = 0—02,
hence known beforehand; whereas the threshold C” in the unconditional problem needs to be
determined through offline simulations following the procedure in Algorithm 3, assuming
that some training data {h;} is available or the statistics of h; is known so that we can
generate {h;}. We also observe that C’ < C”, hence the optimal objective value E[T] of the
unconditional problem is in general smaller than that of the conditional problem as noted

earlier in this section. This is because the upper bound ¢2C” on the conditional variance

| = C, and the threshold C" is

el

. . o2
= [cf. (3.21)] is also an upper bound for the variance E[F

given by C’ = ;C;‘
3.3.2.2 Two-dimensional case

We will next show that the multi-dimensional cases are intractable by providing some nu-

merical results for the two-dimensional case. In the two-dimensional case, from (3.18) the
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optimal cost function is written as

o Ul F U2

V(u11,u12, u22) = min {)\U ,1+E [V(UH + hil, ui2 + hi1hi 2, ug2 + hi?)] } ,

2

Up1U22 — UTy

Uil U2 hi1
where U = , hi=

U2 U2 hi2

(3.22)
and the expectation is with respect to hy 1 and hy 2. Changing variables we can write V as
a function of 211 = 1/uy1, 200 2 1/ugg and p = uya/\/ur1toz,

V(z11, 222, p) =

min { o221 %22 4 4 ¢
1 — p?

V( 211 292 p+ hi1hi2y/Z11%22 >] }

2 2
L+ zi1hi; 1+ 22207 \/(1 + znh%,l)(l + z22h%72)

F(z11,222,p) o :
Z11,%222,p

(3.23)

which can be iteratively computed as follows

Vi (211, 222, p) =

min {A#m 1+E

v 1( 211 292 p+ hi1hi2y/z11222 >] }

P 2
1+ lehl,l 1+ 222}11,2 \/(1 + leh%,l)(l + Z22h%72)

1—p2 7
(3.24)

where lim,,, oo Vin, = V.
Note that p is the correlation coefficient, hence we have p € [—1,1]. Following the
procedure in Algorithm 4 we numerically compute V from (3.24) and find the boundary

surface

S (N) = {(211, 222, p) : F'(N, 211, 222, p) = G(211, 222, p) },
that defines the stopping rule. In Algorithm 4, firstly the three-dimensional grid

Rz 1 1

(n1dz,nodz,n3dr), ny,ng =0,..., ' BT T T

is constructed. Then, in lines 5-7 the stopping cost F' [cf. (3.23)] and in line 8 the first

iteration of the optimal cost function V; with Vy = 0 are computed over the grid. In
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Algorithm 4 The procedure to compute the boundary surface . for given A
Set dz, Rz, dr, dh, Rh; Nz=224+1; Nr=2+1; Nh=28b41
z1=1[0:dz:Rz]; 2z2=21; p=[-1:dr:1] {all row vectors}

Zy = 1ny21; Zo = Z&  {1n,: column vector of ones in RN*}
h=[-Rh:dh:Rh]
for i =1:Nr do

F(: i) = Alzj;r(f)% {stopping cost over the 3D grid}

end for
YV =min(F,1) {start with Vy = 0}
dif = o0; Fr = |V||r

10: while dif > § Fr  {0: a small threshold} do

11:  fori=1:Nz* do

12: z11 = Z1(4); 222 = Z2(i) {linear indexing in matrices}

13: for j =1:Nr do

14: G =0 {initialize continuing cost}

15: for k=1:Nhdo

16: hi = h(k) {scalar}; ho =h {vector}

17: 217 = 211/ (1 + 211h3) {scalar}; Z}, = z};1nxn {vector}

18: Zho = 299./(1 + 292h2.2) {vector; dot denotes elementwise operation}

19: p' = [p(J) + hihay/Zi1222)./ /(1 + 210hT) (1 + 222h2.2) {vector}

20: L=27{/dz+1; Iy =ZL/dz+1; Is=(p'+1)/dr+1 {fractional indices}
21: J8Nh — Jinear indices of 8 neighbor points using |I,, |, [I,], n = 1,2,3

22: D, =[I,]—1I,; D,=1-D,, n=1,2,3 {distances to neighbor indices}
23: W8*Nh — weights for neighbors as 8 multiplicative combinations of D,,, D,,
24: VXL — diag(WTV(J)) {average the neighbor V values}

25: EVND = L oxp(—1(h2 + ha.?)) dh®  {weights in the integral}

26: G =G+ EV {update continuing cost}

27 end for

28: ¢ =i+ (j —1)Nz* {linear index of the point the 3D grid}

29: V'(¢) =min(F(¢),1 + G) {new optimal cost function}

30: end for

31:  end for

32: dif = ||V = V||r; Fr=|V|r

33: V=V {update the optimal cost function}
34: end while
35: Find the points where transition occurs between regions V = F and V # F, i.e., .%.

lines 10-34, the optimal cost function V is computed for each point in the grid by iterating
Vi [cf. (3.24)] until no significant change occurs between V,,, and V,,+1. In each itera-
tion, the double integral with respect to hq1 and hj o corresponding to the expectation in

(3.24) is computed in lines 15-27. While computing the integral, since the updated (future)
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Figure 3.1: The surface that defines the stopping rule for A = 1, ¢2 = 1 and hii,hia ~

N(0,1) in the two-dimensional case.

(211, 222, p) values, i.e, the arguments of V,,—1 in (3.24), in general may not correspond to
a grid point, we average the V,,_1 values of eight neighboring grid points with appropriate
weights in lines 21-24 to obtain the desired V,,_1 value.

The results for A € {0.01,1,100}, 0* = 1 and hy1,h12 ~ N(0,1) are shown in Fig.
3.1 and Fig. 3.2. For A = 1, the dome-shaped surface in Fig. 3.1 separates the stopping
region from the continuing region. Outside the “dome” V = G, hence we continue. As
time progresses z; 11 and z; 22 decrease, so we move towards the “dome”. And whenever we
are inside the “dome”, we stop, i.e., V = F. We obtain similar dome-shaped surfaces for
different A values. However, the cross-sections of the “domes” at specific p; values differ
significantly. In particular, we investigate the case of p; = 0, where the scaling coefficients
hi;1 and hgo are uncorrelated. For small values of A, e.g., A = 0.01, the boundary that
separates the stopping and the continuing regions is highly nonlinear as shown in Fig.
3.2(a). In Fig. 3.2(b) and 3.2(c), it is seen that the boundary tends to become more and
more linear as \ increases.

Now let us explain the meaning of the A value. Firstly, note from (3.23) that F' and
G are functions of z11, z99 for fixed p, and the boundary is the solution to F'(A, z11, 222) =
G(z11,292). When X is small, the region where F' < G, i.e., the stopping region, is large,

hence we stop early as shown in Fig. 3.2(a) 1. Conversely, for large \ the stopping region is

'Note that the axis scales in Fig. 3.2(a) are on the order of hundreds and z: 11, 2¢,22 decrease as t
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Wi, 22 Wyt 22 Wi, 22
GO0 oo e By 02 )
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300

BEOL N

0 100 200 300 400 0 1 2 3 4 5 0 005 C o041 0.15
(a) A = 0.01 (b) A =1 (¢) A = 100

Figure 3.2: The stopping regions for p; = 0, 0> = 1 and hy1,hi2 ~ N(0,1),V¢ in the
unconditional problem with (a) A = 0.01, (b) A = 1, (¢) A = 100. That of the conditional

problem is also shown in (c).

small, hence the stopping time is large [cf. Fig. 3.2(c)]. In fact, the Lagrange multiplier \ is

Algorithm 5 The procedure to compute the boundary surface .%
1: Select A

2: Compute .7 (\) as in Algorithm 4

Estimate C = E [02%} through simulations, where z;11 = 1/ug11, 2t20 = 1/ut 20,
pr = Ut 12/ /Ut 11022 and T = min{t € N : (2¢ 11, 2¢ 22, p¢) is between .7 and the origin}

if C = C then

return .

@

else
if C > C then
Increase A\

else

10: Decrease A
11:  end if

12:  Go to line 2
13: end if

selected through simulations following the procedure in Algorithm 5 so that the constraint
Tr(E[aQU}lD =E [02% = (' is satisfied. Note that line 2 of Algorithm 5 uses
Algorithm 4 to compute the boundary surface ..

In general, in the unconditional problem we need to numerically compute the stopping

rule offline, i.e., the hypersurface that separates the stopping and the continuing regions, for

increases.

i W11

0.2
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a given target accuracy level C'. This becomes a quite intractable task as the dimension n of
the vector to be estimated increases since the computation of G in (3.23) involves computing
an n-dimensional integral, which is then used to find the separating hypersurface in a #—
dimensional space. On the other hand, in the conditional problem we have a simple stopping
rule given in (3.12), which uses the target accuracy level ;Cg as its threshold, hence known
beforehand for any n. Specifically, in the two-dimensional case of the conditional problem
the optimal stopping time is given by 7 = min {t eN: % < 0_02}7 which is a function
of 211 + 2122 for fixed p;. In Fig. 3.2(c), where p, = 0 and 0% = 1, the stopping region of
the conditional problem, which is characterized by a line, is shown to be smaller than that

of the unconditional problem due to the same reasoning in the scalar case.

3.4 Distributed Sequential Estimator

In this section, we propose a computationally efficient scheme based on level-triggered sam-
pling to implement the conditional sequential estimator in a distributed way. Consider a
network of K distributed sensors and a fusion center (FC) which is responsible for comput-
ing the stopping time and the estimate. In practice, due to the stringent energy constraints,
sensors should infrequently convey low-rate information to the FC, which is the main con-
cern in the design of a distributed sequential estimator.

As in (3.1) each sensor k observes
yr=mHTe+uf, teN, k=1,... K (3.25)

as well as the coefficient vector hf = [hf 1o T at time ¢, where {wf}y, ? are inde-
pendent, zero-mean, i.e., E[wf] =0, Vk,t, and Var(w}) = o2, Vt. In other words, we allow
for different noise variances at different sensors. Then, similar to (3.3) the weighted least

squares (WLS) estimator

Kt k_ hk T 2
=gy > V=)

k=1p=1

2The subscripts k and ¢ in the set notation denote k =1,..., K and t € N.
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is given by
h( hk

ZZ by ()™ Z pyp UV, (3.26)

k=1p=1 k=1p=1

where Uf = % 22:1 hl;(hI;)T7 A % Z hpyp7 U; = Zk 1Ut and V; = 215:1 V.

As before it can be shown that the WLS estimator &; in (3.26) is the BLUE under the
general noise distributions. Moreover, in the Gaussian noise case, where wf ~ N(0,02) Vt
for each k, @; is also the MVUE. Note that &; in (3.26) coincides the ML estimator in the
Gaussian case.

Following the steps in Section 3.3.1 it is straightforward to show that (7,&7) is the

optimum sequential estimator where
T:min{teN:f<t]‘;1> gc}, (3.27)

is the stopping time and the estimator &, is given in (3.26). Note that (7, &) is achievable
only in the centralized case, where all local observations until time ¢, i.e., {(y’;,h];)}km
3 are available to the FC. Local processes {U f bet and {V}F}1, are used to compute the
stopping time and the estimator as in (3.27) and (3.26), respectively. On the other hand, in
a distributed system the FC can compute approximations U f and ‘Zk at each time ¢, and

then use these approximations to compute the stopping time and the estimator as in (3.27)

and (3.26), respectively.

3.4.1 Key Approximations in Distributed Approach

Before proceeding to explain the proposed distributed scheme, we note that the RLS esti-
mator is a special case of the Kalman filter, which is easily distributed through its inverse
covariance form, namely the information filter. In the information filter, an n x n matrix,
namely the information matrix, and an n x 1 vector, namely the information vector, are
used at each time, similar to U; and V; in the LS estimator, respectively. Distributed im-
plementations of the information filter in the literature, e.g., [82], require the transmission

of local information matrices and information vectors from sensors to the FC at each time

3The subscript p in the set notation denotes p=1,...,1¢.



CHAPTER 3. SEQUENTIAL ESTIMATION FOR LINEAR MODELS 73

t, which may not be practical, especially for large n, since it requires transmission of O(n?)
terms.

Considering Tr(-) as the accuracy function f in (3.27), that is, assuming an MSE con-
straint, we propose to transmit only the n diagonal entries of ﬁf for each k, giving us a
computationally tractable scheme with linear complexity, i.e., O(n), instead of quadratic

complexity, i.e., O(n?). Using the diagonal entries of U; we define the diagonal matrix

D, £ diag(dt Tyeees dtn)

(3.28)
where dtl_zz pl i=1,...,n.
k=1 p=1
We further define the correlation matrix
I rig 0 rip
rig 1 o oy
R=| = . (3.29)
| "In T2n 1 i
E[hf h} ]
Zk 1 ;2 L o
where 7 = k ,hLj=1,...,n.

K Elhi )% K Elhy,)?
i, A sy A
Proposition 3. For sufficiently large t, we can make the following approximations,

U, ~ D;*R D;*
_ (3.30)
and T (07') = Te (DR,
The proof of Proposition 3 is provided in Appendix B. Then, assuming that the FC

knows a priori the correlation matrix R, i.e., {E[ hflhk ]}” , tand {07} [cf. (3.29)], it can

compute the approximations in (3.30) if sensors report their local processes {Df} . bo the

4The subscripts ¢ and j in the set notation denote i = 1,...,n and j =1, ...,n. In the special case where

E[(hfyi)z] = E[(h?fi)z], kkm=1,...,K, i=1,...,n, the correlation coefficients

E[hi ;h
[tz t]] :,L':17‘”7n_17j:i—|—17...7n
\/E )?] k

together with {0,%} are sufficient statistics since r;; = % from (B.19).
k=1
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FC, where D; = Eszl D¥. Note that each local process {Df} , s n-dimensional, and its

hE )2
entries at time ¢ are given by {dfz = 22:1 (—Z_;} [cf. (3.28)]. Hence, we propose that
) 3 .

(2

each sensor k sequentially reports the local processes { D5} and {V/F}; to the FC, achieving
linear complexity O(n). On the other side, the FC, using the information received from
sensors, computes the approximations {bt} and {‘7}}, which are then used to compute the
stopping time

T:min{tGN:Tr<ﬁt_l>§6}, (3.31)

and the estimator

~_1~

&z =Us Vz (3.32)

similar to (3.27) and (3.26), respectively. The approximations Tr (ﬁt_l) in (3.31) and (7'7~_ in
(3.32) are computed using D, as in (3.30). The threshold C is selected through simulations
to satisfy the constraint in (3.7) with equality, i.e., Tr (Cov (537~_IH %)) =C.

3.4.2 Proposed Estimator Based on Level-triggered Sampling

Level-triggered sampling provides a very convenient way of information transmission in dis-
tributed systems as recently shown in [12; 20; 21; 14; 23]. Methods based on level-triggered
sampling, sending infrequently small number of bits, e.g., one bit, from sensors to the FC,
enables highly accurate approximations and thus high performance schemes at the FC.
They significantly outperform canonical sampling-and-quantizing methods which sample
local processes using the conventional uniform-in-time sampling and send the quantized
versions of samples to the FC [20]. On the other hand, level-triggered sampling, which is
a non-uniform sampling technique, naturally outputs single-bit information. Moreover, the
FC can effectively recover the samples of local processes by using these low-rate information
from sensors.

All of the references above that propose schemes based on level-triggered sampling
deal with one-dimensional, i.e., scalar, local processes. However, in our case {‘ng}t is n-

dimensional and even worse {Uf b is "22+ _dimensional ° for each k. Applying a scheme that

was proposed for one-dimensional processes in a straightforward fashion for each dimension,

Brmys . s k. .
°This is because U, is symmetric.
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i.e., entry, of ﬁf becomes cumbersome, especially when n is large. Hence, in this paper we
propose to use the approximations introduced in the previous subsection, achieving linear
complexity O(n).

We will next describe the distributed scheme based on level-triggered sampling in which
each sensor non-uniformly samples the local processes {D¥}; and {V/F};, transmits a single
pulse for each sample to the FC, and the FC computes {D;} and {V;} using received
information. Our scheme employs a novel algorithm to transmit a one-dimensional process,
separately for each dimension of {D¥}; and {V/*};. In other words, our scheme at each

sensor k consists of, in total, 2n level-triggered samplers running in parallel.

3.4.2.1 Sampling and Recovery of Df

Each sensor k£ samples each entry dfﬂ- of D¥ at a sequence of random times {sﬁw}m 6 given
by
sha2min{teN:df;—df > Af}, sf =0, (3.33)

LS ;
% ¢ (bR k .

where dy; = >, Z_—’g, dy; = 0 and Ay > 0 is a constant threshold that controls the

average sampling interval. Note that the sampling times {sﬁw}m in (3.33) are dynamically

determined by the signal to be sampled, i.e., realizations of dfl Hence, they are random,

whereas sampling times in the conventional uniform-in-time sampling are deterministic with

a certain period. According to the sampling rule in (3.33), a sample is taken whenever the

signal level dﬁi increases by at least A¥ since the last sampling time. Note that dﬁi =

k 2

t (hya)” . .

> 1 —L5— is non-decreasing in .
p=1 oL

k

At each sampling time s} ., sensor k£ transmits a single pulse to the FC at time t'fm =

k k
S T 1)

m.i» indicating that dﬁi has increased by at least A¥ since the last sampling time

k

m—1,2°

d”,

s

The value of the transmitted pulse is not important since it only indicates d¥, .

S

> Af. The delay (5’;”- between the transmission time and the sampling time is used

m—1,i%

to linearly encode the overshoot

—dk,
¢ sn’bfl,i7

an,i £ (dik

m,i’

) — AF < 04, Yk, m,i (3.34)

5The subscript m in the set notation denotes m € N*.
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\ o
~  slope =04
dsm —m} 0, - — N
. slope = gu
dm v .
dsmfl —I_ Aﬁl H_\J
- 5

1

Figure 3.3: Illustration of sampling time s,,, transmission time t,,, transmission delay &,,

and overshoot ¢,,. We encode ¢, = (ds,, — ds,, ;) — A < 84 in 6,, = t;,, — sy, < 1 using the

Sm

slope ¢g > 0y.

and given by
k
gk = dmi
m,1 ¢d
where gb;l is the slope of the linear encoding function (cf. Fig. 3.3), known to sensors and

the FC.

€0,1), (3.35)

Assume a global clock, that is, the time index ¢ € N is the same for all sensors and the FC,
meaning that the FC knows the potential sampling times. Assume further ultra-wideband
(UWB) channels between sensors and the FC, in which the FC can determine the time of
flight of pulses transmitted from sensors. Then, FC can measure the transmission delay
(5fn7i if it is bounded by unit time, i.e., 5fn,i € [0,1). To ensure this, from (3.35), we need to
have ¢4 > qui, Vk, m,i. Assuming a bound for overshoots, i.e., qu- < 04, Yk, m,1, we can
achieve this by setting ¢4 > 64 7. Consequently, the FC can uniquely decode the overshoot
by computing qui = (bdéfm (cf. Fig. 3.3), using which it can also find the increment

k k k

m,i’l m—1,77

k
Sm—1,i>

occurred in dﬁi during the interval ( ;= Ak +q,’jm- from (3.34).

It is then possible to reach the signal level d’;k . by accumulating the increments occurred

m,i’

"In fact, by setting the slope ¢4 arbitrarily large we can make the transmission delay arbitrarily small.
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until the m-th sampling time, i.e.,

& =3 (Af n qéﬁi) —mAE+ Y g (3.36)
) =1

Using {d’sfk Z}

m,i)

., the FC computes the staircase approximation c?fl as

di=db etttk ), (3.37)

. m,i)
Smm,io ’

which is updated when a new pulse is received from sensor k, otherwise kept constant. Such
approximate local signals of different sensors are next combined to obtain the approximate

global signal Jm as
K
dii = dy;. (3.38)
k=1

In practice, when the m-th pulse in the global order regarding dimension ¢ is received from

sensor ky, at time t,, ;, instead of computing (3.36)—(3.38) the FC only updates Jm as

dtm,iyi = &;m—l,ivi + Afm + Gm.i; JO,Z' =6 (3.39)

and keeps it constant when no pulse arrives. We initialize JM to a small constant € to
prevent dividing by zero while computing the test statistic [cf. (3.40)]. Note that in general
(fivtmyi,i # ds,, ;i unlike (3.37) since all sensors do not necessarily sample and transmit at
the same time. The approximations {Jtﬂ}z form IN)t = diag((ﬁl, . ,Jt,n), which is used in
(3.31) and (3.32) to compute the stopping time and the estimator, respectively. Note that
to determine the stopping time as in (3.31) we need to compute Tr (f]t_ 1) using (3.30) at
times {tm} when a pulse is received from any sensor regarding any dimension. Fortunately,
when the m-th pulse in the global order is received from sensor k,, at time t,, regarding

. . . 1 .
dimension %,, we can compute Tr (U tm) recursively as follows

o - K Akm + — n .
T (0,) =T (0, - in Qi) T ) g (") =2, (3.40)
dtmyimdtmflyim =1 €

where r; is the i-th diagonal element of the inverse correlation matrix R, known to the
FC. In (3.40) pulse arrival times are assumed to be distinct for the sake of simplicity. In
case multiple pulses arrive at the same time, the update rule will be similar to (3.40) except

that it will consider all new arrivals together.
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3.4.2.2 Sampling and Recovery of Vtk

Similar to (3.33) each sensor k samples each entry z‘;ﬁi of VF at a sequence of random times

{aﬁw}m written as

ok —mln{teN ‘U“—vkk

m,1
mlz’

> Vf} ) alg,i = 07 (341)

hk
where oF, = Z;zl L Zyp and ¥ is a constant threshold, available to both sensor k and the
) O'k

FC. It has been shown in [20, Section IV-B] that ’yi is determined by

K

7; tanh(v}'/2) =
k=

to ensure the average sampling interval T'. Since vf is neither increasing nor decreasing, we

use two thresholds ’yi and —’yi in the sampling rule given in (3.41). Specifically, a sample

is taken whenever @fi increases or decreases by at least %k since the last sampling time.

Then, sensor k at time p’fm £ afm + 5’;172- transmits a single pulse b’fm to the FC, indicating

k

whether T)fi has changed by at least ’yf or —’yf since the last sampling time «;,, _; ;. We can

simply write bfm as

k —k —k
by, ; = sign (v} A 12), (3.42)
where b* . = 1 implies that o* — ok > 4k and b . = —1 indicates that o* -
e P ki ok = e ot
~k k kA |5k =k Eoio 10 :
A < —;. The overshoot 7y, ; = ‘vaﬁwi — Ugk 12‘ — ;" is linearly encoded in

the transmission delay as before. Similar to (3.35) the transmission delay is written as

ﬁ = 77,7117 where ¢! is the slope of the encoding function, available to sensors and the

FC Assume again that (i) there exists a global clock among sensors and the FC, (ii) the
FC determines channel delay (i.e., time of flight), and (iii) overshoots are bounded by a
constant, i.e., 775”- < 0y, Yk,m,i, and we set ¢, > 0,. With these assumptions we ensure

that the FC can measure the transmission delay 3 .. and accordingly decode the overshoot

m Z’
as nml = ¢, " m.i- Lhen, upon receiving the m-th pulse by, ; regarding dimension ¢ from

sensor ky, at time p,, ; the FC performs the following update,

Vpmisi = Opm1,0i + Omi (V™ + i) (3.43)

where {5@2’}1' compose the approximation V, = [Ut1, ..., 0n)T. Recall that the FC employs

V, to compute the estimator as in (3.32).
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Algorithm 6 The level-triggered sampling procedure at the k-th sensor for the i-th dimension
1: Initialization: t < 0, m+ 0, £+ 0, x <« 0, ¥« 0
2: while y < A¥ and ¢ € (—+F,~F) do

3 tt+1
(hi.)?
4 X=X+ 3
k
hk_ k
RS
6: end while
7. if x > AF {sample dj;} then
8 m< m+1
9: sk =t
d . . —AF
10:  Send a pulse to the FC through channel chy ; at time instant tfn)i = sfn)i + XT
11:  x+0
12: end if
13: if ¥ & (—F,+F) {sample ﬁﬁi} then
14: L+ /(+1

15 op, =t

k
16:  Send by, = sign(1) to the FC through channel chy ; at time instant p§, = af ; + %;v%
17 Y <+ 0
18: end if
19: Stop if the FC instructs so; otherwise go to line 2.

The level-triggered sampling procedure at each sensor k for each dimension 7 is summa-
rized in Algorithm 6. Each sensor k runs n of these procedures in parallel. The sequential
estimation procedure at the FC is also summarized in Algorithm 7. We assumed, for the
sake of clarity, that each sensor transmits pulses to the FC for each dimension through a
separate channel, i.e., parallel architecture. On the other hand, in practice the number of
parallel channels can be decreased to two by using identical sampling thresholds A and ~
for all sensors and for all dimensions in (3.33) and (3.41), respectively. Moreover, sensors
can even employ a single channel to convey information about local processes {dfl} and
{@fl} by sending ternary digits to the FC. This is possible since pulses transmitted for {alftC i+

are unsigned.

3.4.3 Discussions

We introduced the distributed estimator in Section 3.4.2 initially for a continuous-time

system with infinite precision. In practice, due to bandwidth constraints, discrete-time
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Algorithm 7 The sequential estimation procedure at the fusion center

1: Initialization: Tr < S0 5 me 1, €< 1, d; <€ Vi, U +0Vi
2: while Tr < C do

3:  Listen to the channels {chﬁ_’i}kﬂi and {chy ;}1,i, and wait to receive a pulse

4 if m-th pulse arrives through chgmyim at time t,, then
)
Kim (AF™ 4,
6 Tr+ Tr— Jim(g:n +Z?;+;m)
7. di,, = d;, + A+ g,
: m+—m+1
9: end if
10:  if (-th pulse by arrives through chy . at time p, then
11: ne = ¢u(pe — [pe))
12: U5, = Uj, + be(7}, + ne)
13: (041
14:  end if
15: end while
16: Stop at time T =t
1 ~—1/2 -1/2  ~

17: D =diag(dy,...,dy), U =D '""R'D
~—1~

18 z=U V

19: Instruct sensors to stop

, V=[v1,..., 0T

systems with finite precision are of interest. For example, in such systems, the overshoot

qfn’i S [jeﬁd, (j+ 1)%) ,j=0,1,...,N — 1, is quantized into qui = (j + %) %d where N is

the number of quantization levels. More specifically, a pulse is transmitted at time t’fm =

sfn,i + 2 +]\1/ 2 where the transmission delay # € (0,1) encodes cjfm This transmission

scheme is called pulse position modulation (PPM).

In UWB and optical communication systems, PPM is effectively employed. In such
systems, IV, which denotes the precision, can be easily made large enough so that the quan-
tization error |(j,’2u — qu| becomes insignificant. Compared to conventional transmission
techniques which convey information by varying the power level, frequency, and/or phase
of a sinusoidal wave, PPM (with UWB) is extremely energy efficient at the expense of high

bandwidth usage. Hence, PPM suits well to energy-constrained sensor network systems.
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3.4.4 Simulation Results

We next provide simulation results to compare the performances of the proposed scheme
with linear complexity, given in Algorithm 6 and Algorithm 7, the unsimplified version of
the proposed scheme with quadratic complexity and the optimal centralized scheme. A
wireless sensor network with 10 identical sensors and an FC is considered to estimate a five-
dimensional deterministic vector of parameters, i.e., n = 5. We assume i.i.d. Gaussian noise
with unit variance at all sensors, i.e., wf ~ N(0,1),Vk,t. We set the correlation coefficients
{ri;} [cf. (B.19)] of the vector h} to different values in [0,1). In Fig. 3.4 and Fig. 3.5, they
are set to 0 and 0.5 to test the performance of the proposed scheme in the uncorrelated
and correlated cases, respectively. We compare the average stopping time performance of
the proposed scheme with linear complexity to those of the other two schemes for different
MSE values. In Fig. 3.4 and Fig. 3.5, the horizontal axis represents the MSE normalized

by the square of the Euclidean norm of the vector to be estimated, i.e., nMSE = %32‘
2
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Figure 3.4: Average stopping time performances of the optimal centralized scheme and the
distributed schemes based on level-triggered sampling with quadratic and linear complexity

vs. normalized MSE values when scaling coefficients are uncorrelated, i.e., r;; = 0, V4, j.

In the uncorrelated case, where r;; = 0, Vi,j, @ # j, the proposed scheme with linear
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complexity nearly attains the performance of the unsimplified scheme with quadratic com-
plexity as seen in Fig. 3.4. This result is rather expected since in this case U; = D, for
sufficiently large ¢, where U; and D; are used to compute the stopping time and the esti-
mator in the unsimplified and simplified schemes, respectively. Strikingly the distributed
schemes (simplified and unsimplified) achieve very close performances to that of the optimal
centralized scheme, which is obviously unattainable in a distributed system, thanks to the

efficient information transmission through level-triggered sampling. It is seen in Fig. 3.5
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Figure 3.5: Average stopping time performances of the optimal centralized scheme and the
distributed schemes based on level-triggered sampling with quadratic and linear complexity

vs. normalized MSE values when scaling coefficients are correlated with r;; = 0.5, V4, j.

that the proposed simplified scheme exhibits an average stopping time performance close to
those of the unsimplified scheme and the optimal centralized scheme even when the scaling
coefficients {hffl}Z are correlated with r;; = 0.5, Vi, j, i # j, justifying the simplification
proposed in Section 3.4.1 to obtain linear complexity.

Finally, in Fig. 3.6 we fix the normalized MSE value at 10~2 and plot average stopping
time against the correlation coefficient r where r;; = r, Vi,j, i # j. We observe an
exponential growth in average stopping time of each scheme as r increases. The average

stopping time of each scheme becomes infinite at » = 1 since in this case only some multiples
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Figure 3.6: Average stopping time performances of the optimal centralized scheme and the
distributed schemes based on level-triggered sampling with quadratic and linear complexity

vs. correlation coefficient for normalized MSE fixed to 102.

of a certain linear combination of the parameters to be estimated, i.e., hf’ L O ¢y, are

observed under the noise wf at each sensor k at each time ¢, hence it is not possible to
2

e[(nh) ]
29

e[(r1)]

which is the same for all sensors as we assume identical sensors. To see the mechanism

recover the individual parameters. Specifically, it can be shown that ¢; =

that causes the exponential growth consider the computation of Tr(U, 1), which is used to

determine the stopping time in the optimal centralized scheme. From (3.30) we write

(U, )= T(D 'R =)
=1

i

S 44
i (3.44)

for sufficiently large t, where d;; and k; are the ¢-th diagonal elements of the matrices D;
and R™!, respectively. For instance, we have k; = 1, Vi, k; = 8.0435,Vi and k; = 0o when
r=20,r =09 and r = 1, respectively. Assuming that the scaling coefficients have the
same mean and variance when r = 0 and r = 0.9, we have similar d;; values [cf. (3.28)]
in (3.44), hence the stopping time of r = 0.9 is approximately 8 times that of » = 0 for
the same accuracy level. Since MSE = E[||&7 — z||3] = Tr(ﬁt_l) in the centralized scheme,

using x; for different r values we can approximately know how the average stopping time
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changes as r increases for a given MSE value. As shown in Fig. 3.6 with the label “Theory”
this theoretical curve is in a good match with the numerical result. The small discrepancy
at high r values is due to the high sensitivity of the WLS estimator in (3.26) to numerical
errors when the stopping time is large. The high sensitivity is due to multiplying the matrix
17}1 with very small entries by the vector V7 with very large entries while computing the
estimator &7 in (3.26) for a large 7. The distributed schemes suffer from a similar high
sensitivity problem [cf. (3.32)] much more than the centralized scheme since making error
is inherent in a distributed system. Moreover, in the distributed schemes the MSE is not
given by the stopping time statistic Tr(ﬁ t_ 1), hence “Theory” does not match well the
curves for the distributed schemes. Although it cannot be used to estimate the rates of the
exponential growths of the distributed schemes, it is still useful to explain the mechanism
behind them as the distributed schemes are derived from the centralized scheme.

To summarize, with identical sensors any estimator (centralized or distributed) experi-
ences an exponential growth in its average stopping time as the correlation between scaling

coefficients increases since in the extreme case of full correlation, i.e., r = 1, each sensor k,
L 2
e[(r£)]
)
E[(rt))]

thus the stopping time is infinite. As a result of exponentially growing stopping time, the

at each time ¢, observes a noisy sample of the linear combination " | z; and
WLS estimator, which is also the ML estimator and the MVUE, i.e., the optimal estimator,
in our case, and the distributed estimators derived from it become highly sensitive to er-
rors as r increases. In either uncorrelated or mildly correlated cases, which are of practical
importance, the proposed distributed scheme with linear complexity performs very close to

the optimal centralized scheme as shown in Fig. 3.4 and Fig. 3.5, respectively.

3.5 Conclusion

We have treated the problem of sequential vector parameter estimation under both central-
ized and distributed settings. In the centralized setting two different formulations, which
use unconditional and conditional covariances of the estimator respectively to assess the es-
timation accuracy, are considered and the corresponding sequential estimators are derived.

The conditional formulation, having a simple stopping rule for any number of parame-
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ters, was shown to be preferable to the unconditional formulation, whose stopping rule can
only be found by complicated numerical computations even for a small number of parame-
ters. Moreover, following the optimum conditional sequential estimator we have developed
a computationally efficient distributed sequential estimator based on level-triggered sam-
pling. Simulation results have shown that the proposed scheme with linear complexity has

a similar performance to that of the optimal centralized scheme.
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Chapter 4

Sequential Joint Detection and

Estimation

4.1 Introduction

Detection and estimation problems appear simultaneously in a wide range of fields, such
as wireless communications, power systems, image processing, genetics, and finance. For
instance, to achieve effective and reliable dynamic spectrum access in cognitive radio, a
secondary user needs to detect primary user transmissions, and if detected estimate the
cross channels that may cause interference to primary users [26]. In power grid monitoring,
it is essential to detect the correct topological model, and at the same time estimate the
system state [83]. Some other important examples are detecting and estimating objects
from images [84], target detection and parameter estimation in radar [85], and detection
and estimation of periodicities in DNA sequences [86].

In all these applications, detection and estimation problems are intrinsically coupled,
and are both of primary importance. Hence, a jointly optimum method, that maximizes
the overall performance, is required. Classical approaches either treat the two subproblems
separately with the corresponding optimum solutions, or solve them together, as a com-
posite hypothesis testing problem, using the generalized likelihood ratio test (GLRT). It is
well known that such approaches do not yield the optimum overall result [87; 25]. In the

former approach, for example, the likelihood ratio test (LRT) is performed by averaging
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over the unknown parameters to solve the detection subproblem optimally, and then relying
on the detection decision the Bayes estimators are used to solve the estimation subprob-
lem. On the other hand, in GLRT, the maximum likelihood (ML) estimates of all unknown
parameters are computed, and then using these estimates LRT is performed as in a simple
hypothesis testing problem. In GLRT, the primary emphasis is on the detection perfor-
mance and the estimation performance is of secondary importance. GLRT is very popular
due to its simplicity. However, it is not always optimal in terms of the detection perfor-
mance in the Neyman-Pearson sense [88], and also the overall performance under mixed
Bayesian /Neyman-Pearson [89] and pure Bayesian [87] setups.

Although there is a number of works on joint detection and estimation, e.g., [87; 90;
91; 92; 89; 93: 86; 83; 25|, this important topic is not sufficiently treated in the literature.
The first systematic theory on joint detection and estimation appeared in [87]. This initial
work, in a Bayesian framework, derives optimum joint detector and estimator structures
for different levels of coupling between the two subproblems. [90] extends the results of
[87] on binary hypothesis testing to the multi-hypothesis case. In [91], different from [87;
90], the case with unknown parameters under the null hypothesis is considered. [91] does
not present an optimum joint detector and estimator, but shows that, even in the classical
separate treatment of the two subproblems, LRT implicitly uses the posterior distributions
of unknown parameters, which characterize the Bayesian estimation. [92] deals with joint
multi-hypothesis testing and non-Bayesian estimation considering a finite discrete parameter
set and the minimax approach. [89] and [93] study Bayesian estimation under different
Neyman-Pearson-like formulations, and derive the corresponding optimum joint detection
and estimation schemes. [86], in a minimax sense, extends the analysis in [93] to the general
case with unknown parameters in both hypotheses. [83] handles the joint multi-hypothesis
testing and state estimation problem for linear models with Gaussian noise. It finds the
joint posterior distribution of the hypotheses and the system states, which can be used to
identify the optimum joint detector and estimator for a specific performance criterion in a
unified Bayesian approach.

Most of the today’s engineering applications are subject to resource (e.g., time, energy,

bandwidth) constraints. For that reason, it is essential to minimize the number of observa-
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tions used to perform a task (e.g., detection, estimation) due to the cost of taking a new
observation, and also latency constraints. Sequential statistical methods are designed to
minimize the average number of observations for a given accuracy level. They are equipped
with a stopping rule to achieve optimal stopping, unlike fixed-sample-size methods. Specif-
ically, we cannot stop taking samples too early due to the performance constraints, and
do not want to stop too late to save critical resources, such as time and energy. Optimal
stopping theory handles this trade-off through sequential methods. For more information
on sequential methods we refer to the original work [56] by Wald, and a more recent work
[94]. The majority of existing works on joint detection and estimation consider only the
fixed-sample-size problem. Although [91] discusses the case where observations are taken
sequentially, it lacks a discussion on optimal stopping, limiting the scope of the work to the
iterative computation of sufficient statistics. The only work that treats the joint detection
and estimation problem in a “real” sequential manner is [25]. It provides the exact optimum
triplet of stopping time, detector, and estimator for a linear scalar observation model with
Gaussian noise.

In this chapter, following the methodology presented in [25], we develop a general frame-
work for optimum sequential joint detection and estimation in Section 4.2. In particular,
we extend [25] in five directions: We consider (i) a general non-linear signal model (ii) for
vector observations (iii) with a universal noise model, and also (iv) a general problem for-
mulation with unknown parameters under both hypotheses. Moreover, (v) we extend our
analysis to the multi-hypothesis case in the smart grid application. After presenting the
general theory, we pave the way for applications by systematically analyzing more specific
cases. We then apply the developed theory to two popular concepts, namely cognitive radio
and smart grid in Sections 4.3 and 4.4, respectively. Finally, the concluding remarks are

given in Section 4.5.
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4.2 Optimum Sequential Joint Detection and Estimation

4.2.1 Problem Formulation

Consider a general model
y, =[x, Hy) +wy, t=1,2,..., (4.1)

where y, € RM is the measurement vector taken at time t; € RY is the unknown vector
of parameters that we want to estimate; H; is the observation matrix that relates x to y;;
f:RM — RM s a (possibly nonlinear) function of & and Hy; and w; € RM is the noise
vector.

In addition to estimation, we would like to detect the true hypothesis (Hyp or H;) in a
binary hypothesis testing setup, in which « is distributed according to a specific probability

distribution under each hypothesis, i.e.,

Ho : « ~ m, (42)
lemwwl.

Here, we do not assume specific probability distributions for @, H, wy, or a specific system
model f. We only assume 7y and 7; are known, and {y,, H;} are observed at each time t.
Note that we allow for correlated noise w; and correlated H;.

Since we want to both detect and estimate, we use a combined cost function

C(T,dr, &%, &%) = agPo(dr = 1|/Hr) + a1P1(dr = O[Hr)
+ booEo [J(&F, ®) Liap—oy[H1]| + bo1Eo [J (&1, @) Ligp—1y|Hr]

+ b10E1 [J(ﬁc?p,m)]l{deo}|HT] + b11E1 [J(i%w,m)]l{del}rHT] (4.3)

where T is the stopping time, dp is the detection function, {:&?p, ﬁz%p} are the estimators when
we decide on Hy and Hy, respectively, J(&r,x) is a general estimation cost function, e.g.,
&7 — ||, and {a;, b;; }i j—0.1 are some constants. We denote with H; and {H;} the sigma-
algebra and filtration generated by the history of the observation matrices {H, ..., H},
respectively, and with P; and E; the probability measure and expectation under H;. The

indicator function 14, takes the value 1 if the event A is true, or 0 otherwise. In (4.3),
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the first two terms are the detection cost, and the remaining ones are the estimation cost.

Writing (4.3) in the following alternative form

¢ (T,dp, &%, 21) = Eo [booJ (&%, ) Liap=oy + {ao + bor J (@7, ) } Ligpe1y|Hr]

+ Eq [{al + bloJ $T, } ]l{dT =0} + an($T, )]l{del}|HT] (4.4)

it is clear that our cost function corresponds to the Bayes risk given {H,..., H;}.

In a sequential setup, in general, the expected stopping time (i.e., the average number
of samples) is minimized subject to a constraint on the cost function. In the presence
of an ancillary statistic, such as H;, conditioning is known to have significant advantages
[80; 24], hence the cost function in (4.3) is conditioned on H;. Intuitively, there is no
need to average the performance measure ¢ (7, dT,ioT,ﬁc%p) over H;, which is a reliable
statistic (i.e., does not include noise). Conditioning on H; also facilitates finding an optimum
sequential scheme [24], and frees our formulation from assuming statistical descriptions (e.g.,
probability distribution, independence, stationarity) on the observation matrix Hy. As a
result, our objective is to minimize E[T|H;] subject to a constraint on € (T, dp, &%, &r).

Let F; and {F;} denote the sigma-algebra and filtration generated by the complete
history of observations {(y,, H1),..., (y,, H¢)}, respectively, thus H; C F;. In the pure
detection and pure estimation problems, it is well known that serious analytical compli-
cations arise if we consider a general {F;}-adapted stopping time, that depends on the
complete history of observations. Specifically, in the pure estimation problem, finding the
optimum sequential estimator that attains the sequential Cramer-Rao lower bound (CRLB)
is not a tractable problem if T is adapted to the complete observation history {F;} [68;
95]. Similarly, in the pure detection problem with an {F;}-adapted stopping time, we end
up with a two-dimensional optimal stopping problem which is impossible to solve (analyt-
ically) since the thresholds for the running likelihood ratio depend on the sequence {H}.
Alternatively, in [69; 14; 24; 23; 25], T is restricted to {#;}-adapted stopping times, which
facilitates finding an optimal solution. In this paper, we are interested in {H,}-adapted
stopping times as well. Hence, E[T|H;] = T and we aim to solve the following optimization
problem,

min T st. €(T,dr, 2%, &%) < a, (4.5)
T.dr, Ty, L7
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where « is a target accuracy level.

Above, from a theoretical point of view, we explained why we unconventionally minimize
T instead of E[T], which is the usual practice in classical optimal stopping problems. From
an operational point of view, we start with the following stopping rule: stop the first time
the target accuracy level a is achieved, i.e., the inequality % (T, dr, i%, ﬁc%«) < « is satisfied.
This operational problem statement gives us the problem formulation in (4.5), which in
turn defines an {H;}-adapted stopping time 7. This is because T is solely determined
by €(T,dr, &%, &%), which, as seen in (4.3), averages over {y,} and thus is a function of
only {H;}. The stopping rule considered here is a natural extension of the one commonly
used in sequential estimation problems, e.g., [69; 23], and is optimum for {H,}-adapted
stopping times, as shown in (4.5). Note that the solution sought in (4.5) is optimum for

each realization of { H,}, and not on average with respect to this sequence.

4.2.2 Optimum Solution
4.2.2.1 Optimum Estimators

Let us begin our analysis with optimum estimators. Grouping the terms with the same

estimator in (4.3), we can write the optimum estimators as

X = arg min booEo [J(&F, ®) Ligp—o|Hr]| + b1oE1 [J(&F, ) Ligp—oy | Hr)
L
S .
X7 = arg min by Eg [J (&, ® @) Ligp—1y|Hr| + b1iEy [J(&p, @) Lig,—1y[Hr] -
L
Since both estimators can be found in the same way, we will only focus on f(g«. Re-
call that F; denotes the sigma-algebra generated by the complete history of observations

{(y1,H1),...,(y;, Hy)}. Then, we can write

X = argmlnz Eo[ (boo + bro Ly) J (&%, )14, 0}|Ht] Lir—tys
 —

= argmmz Eo[ booEo [J (&7, )| F:] + bio L Ey [J(2F, 2)|F] )ll{dt:()}!%t] Lir—yy,
2

(4.6)
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& p1{Y. Yooy, X[ He) & pi{Y. JiqHe) Teali : :
where L; = oy T @) & and Ly = - Sy Y Ate likelihood ratios. To write (4.6) we

used the facts that L, = L ;%m L, Z ;Eg}?g and d; is Fy-measurable (i.e., d; is

deterministic given F;).

2 boopotbioLipy

Define a new probability distribution ps TERTY

. We are, in fact, searching for
an estimator that minimizes Ep [J (&, x)|F], 1.
X = arg min E [J (&, x)|F], i=0,1. (4.7)
T
Note that for a large class of cost functions [96, pp. 239-241], including the mean square
error (MSE) E; [||a7:9~ — z||*|7], the optimum estimator is given by the conditional mean
E;[x|F:], which we will consider throughout the paper whenever a specification is needed.

Hence, for MSE and many other cost functions

b()OEQ[w’fT] + blOLTEl[a:‘fT]

0
xr = EzlelFr] = boo + bio LT

(4.8)

Similarly, we can write
)A(l - bolEo[w’fT] + bllLTEl[w’fT]
T bor + b1 Lt

(4.9)

We see that the optimum estimators in (4.8) and (4.9) are weighted averages of the minimum
MSE (MMSE) estimators under Hy and Hy. Note that typically the likelihood ratio Ly is
smaller than 1 under Hy and larger than 1 under Hy, that is, X% is close to E;[x|Fr].

With the optimum estimators given in (4.7) the cost function in (4.3) becomes

¢ (T,dr) = agPo(dr = 1|H1) + a1P1(dr = O|H7)

+ booEo [Eo [J (X, )| Fr] Lig,— 0}|HT] + bo1Eo [Eo [J (%, @) | Fr] Lig,— 1}|HT]

00 01
AT AT

+ bioEy [El [J(x}, )| Fr] Lygp— 0}|HT] +b11Ey [El [J (X, )| Fr] Lygp— 1}|HT} (4.10)

10 11
AT AT

where Aij is the posterior expected estimation cost when H; is decided under H;.

Considering the conditional mean as the optimum estimator, from (4.8) and (4.9),

A¥ = € [lle — Eilel R + E: [|Ed2l 7] - %217

= Tr (Covi[|F1]) + 05 || Eol|F] — Ex[z]F]|1%, (4.11)
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2 2
. . b L bo,
where Tr(-) is the trace of a matrix, dp; = <m> and 01; = <bo_+°ﬁ) . In other
] J ] J

words, AY is the MMSE under H; plus the distance between our estimator x/ and the
optimum estimator under H;. The latter is the penalty we pay for not knowing the true
hypothesis.

Note that for boy = bip and bg; = bi1 (e.g., the case b;; = b Vi,j, where we do not
differentiate between estimation errors), the optimum estimators in (4.8) and (4.9) coincide,

and as a result dgg = dg1 = %ﬁLt and 019 = 011 = ﬁ in (4.11). In other words, we use the

Eo [w‘]:T]-i-LTEl [ZU‘]:T]

Trio regardless of the detection decision.

estimator Xy =

4.2.2.2 Optimum Detector

We now search for the optimum decision function d7 that minimizes (4.10). Combining all

the terms under Ey we write

dr = arg Héin Z Eo [a0l{g=1} + a1LeLyg,—0y + boo AP Lig,—oy + bor A Lyg,—1y
T =0

+010Li A g, —0y + b LA g1y [He] Lir—y,  (4.12)

_ (Y}, He)

where L; = po({Y }i_ [He)

. Since ]l{dtZO} =1- ]l{dtzl}v

dr = arg Hc}inz Eo [{ao0 + bo1 AL — boo ALY — (a1 + b1oAL® — b AYY) Ly} Lyg—ny[He] Lir—y
T =0
+ ay + booEo[AP [Hr] + bi1oEr [AR | Hr].  (4.13)

Note that a1 + booEo[AR|H1] + b1oE1[AX|H 1] does not depend on dr, and the term inside

the expectation is minimized by

1 if Ly (a1 4 b10AL° — b1 AY) > ag + bor AT — boo A
d; = (4.14)
0 otherwise.
The optimum decision function d; is coupled with the estimators ig, )A(g through the posterior
estimation costs {A¥} due to our joint formulation [cf. (4.3)]. Specifically, while making
a decision, it takes into account all possible estimation costs that may result from the true

hypothesis and its decision. In the detection-only problem with b;; = 0, V1, j, the coupling

disappears, and d; boils down to the well-known likelihood ratio test.
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4.2.2.3 Complete Solution
We can now identify the optimum stopping time T, and as a result the complete solution
(T,d7, %%, %%) to the optimization problem in (4.5).
Theorem 6. The optimum sequential joint detector and estimator (T,dT, )A(g, )A(%) that solves
the problem in (4.5) is given by

T=min{t e N: C; < a} (4.15)

1 if Lt (a1 + bloA—ll—O — bllA—ll—l) > ag + bmA—Orl — booApl—O
dr = (4.16)

0 otherwise.

5 = argmin Ey; [J (27, )| Fr], i=0,1, (4.17)
T
. boiEolz|Fr] + by LTE [=|F y ¥
(e.g., gi = ool Frl +bulvBil@lFrl o poai 0y - )2, etc.)
boi + bl

where

Ct £ EO [{ao + b()lAgl — booAgO — (a1 + bloA%O — bllA%l) Lt}_ + alLt + booA?O + blOLtAtl0|Ht]
(4.18)
1s the optimal cost at time t, Eo; is the expectation with respect to the probability measure

P2i = 71702'5;‘3121222”1 and A~ = min(4,0).

Proof. In (4.7)-(4.9), we showed that X3- and X} minimize the cost function in (4.3) for
any stopping time 7' and decision function dr, i.e., € (T, dT,f(?p,f(%r) < (T, dT,ﬁz?p,ﬁ:r}).
Later in (4.14), we showed that (K(T,dT,f(?p,fc%p) < F(T, dT,)Acgp,f(flp). Hence, from (4.5), the
optimum stopping time is the first time C; £ ‘K(t,dt,ig,ii) achieves the target accuracy

level o, as shown in (4.15). From (4.13) and (4.14), we write the optimal cost C; as in
(4.18). O

According to Theorem 6, the optimum scheme, at each time ¢, computes C; [cf. (4.18)],
and then compares it to . When C; < a, it stops and makes a decision using (4.16). Finally,
it estimates « using (4.17). Considering the conditional mean as the optimum estimator a
pseudo-code for this scheme is given in Algorithm 8.

Since the results in Theorem 6 are universal in the sense that they hold for all proba-

bility distributions and system models, in Algorithm 8 we provide a general procedure that
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Algorithm 8 The procedure for the optimum scheme in Theorem 6
1: Initialization: t < 0, C + oo
2: while C > a do

3: t+—t+1
_ Y} |H)
po({Y }o—1lHt)
€; = E’L[m|]:t]a 1= 07 1
MMSE,; = Tr(Cov;[x|F]), i =0,1

, , 2
A% = MMSEg + (523557 ) lleo — eall?, j = 0,1

4
5:
6:
7

2

S AU = MMSEr + (557 ) lleo — eall? j=0,1
9:  Cost: C as in (4.18)
10: end while
11: Stop: T =t
12: if L (CLl + bloAlo — bllAll) Z ag + b(nAOl — booAOO then
13: Decide: d =1

. . .o _ boi€ot+biiLe
14: Estimate: x = W
15: else
16: Decide: d =0

. : . & _ boo€o+bioLe
17: Estimate: x = W
18: end if

requires computation of some statistics (cf. lines 4,5,6,9). In specific cases, such statistics
may be easily computed. However, in many cases they cannot be written in closed forms,
hence intense computation is required to estimate them (e.g., a multi-dimensional integral).
The fact that such computation is performed online (i.e., as new observations arrive at each

time t) is the bottleneck of the generic algorithm given in Algorithm 8.

4.2.3 Separated Detection and Estimation Costs

In the combined cost function, given by (4.3), if we penalize the wrong decisions only with
the detection costs, i.e., bg1 = byg = 0, we get the following simplified alternative cost

function

€ (T,dr, &%, &%) = agPo(dr = 1|H7) + a1P1(dr = O|H7)

+ b(]oE(] [J(ﬁcOT,m)]l{deo}|HT] + b11E1 [J(i%w,m)]l{del}rHT] . (4.19)

In this alternative form, detection and estimation costs are used to penalize separate cases.

Specifically, under H;, the wrong decision case is penalized with the constant detection
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cost a;, and the correct decision case is penalized with the estimation cost E;[J (&%, )| Hy].
Since a; is the only cost to penalize the wrong decision case, it is typically assigned a larger
number here than in (4.3).

Substituting by; = byp = 0 in (4.7)—(4.9) yields the following optimum estimators

= argmin E; [J (&%, )| Fr|, i =0,1, (4.20)
T
(e % = Eila|Fr] for J(@h, ) = &} — a|]?). (4.21)

which we use when H; is decided. According to (4.21), when we decide on H;, we use the
MMSE estimator under H;, as opposed to (4.8) and (4.9), which are mixtures of the MMSE

estimators under both hypotheses. Consequently, from (4.11), the posterior estimation cost
A = Tr(Cov;[x| F;]) = MMSE.. (4.22)
Moreover, with bg; = bjg = 0, the optimum decision function in (4.14) becomes

1 if Ly (ag — bii AMN) > ag — boo A
d, = t(l 11 t)_ 0 0083¢ (4.23)

0 otherwise.

The above decision function is biased towards the hypothesis with better estimation per-
formance. Specifically, when the MMSE under H; is smaller than that under Hy (i.e.,
A < AW it is easier to satisfy the inequality L, (al — bllAgl) > ag — boo A, and thus
to decide in favor of Hy. Conversely, Hg is favored when A’ < All. Since the detector in
(4.23) uses the maximum likelihood (ML) criterion, as in the likelihood ratio test, together
with the MMSE criterion, we can call it ML & MMSE detector. On the other hand, the
detector in (4.14) similarly favors the hypothesis that can decrease the general estimation
cost [cf. (4.3)] more.

Finally, the optimum stopping time in this special case is still given by (4.15), where

Cr =Eg [(alLt + bOOAgO)l{dtzo} + (ao + bllLtAtll)]l{dtzl}|Ht] (4.24)

- E, [{ao —boo AP — (a1 — b1 A?) Ly} 4+ ar Ly + bOOASO\Ht} :

with A% = MMSE for the conditional mean optimum estimator.
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4.2.4 Linear Quadratic Gaussian (LQG) Model

We next consider, as a special case, the quadratic estimation cost J(&4, x) = |2} — x|,

and the linear system model

vy, = Hix + wy, (4.25)

where w; is the white Gaussian noise with covariance oI, and x is Gaussian under both

hypotheses, i.e.,

HO T NN(H()’EO%

(4.26)
H1 LT NN(Ml,El).
In this case, we compute
pwdicat) = [ ity alt) do
1 2
exp | —s5llz — il
[ el T, Ml p (e mly ) N
RN (2m)mt/2gmt (2m)n/2|%,[1/2
Pi({Y }oms [He,T) i
2
exp =4 | Doy B 4 il o - 1% +z;1uiu2(U S
i 7275_1,_ i
- U 12
(2m)mt/2 gmt |33,]1/2 ‘0_2'54‘22‘ ‘
U -1 ’
exp | —3 ||z — (0—;+Zfl) (Y% +27'w) ’U 51
/ . 2 e, (4.27)
-1
RV o2 |(Yt + 27

=1

where Uy = Zzzl H.H,, v, = Zizl H'y,, and H-’ICH2 = x'Xx. As aresult, the likelihood

ratio L; = oy F 7, 18 given by
U -1
e T R e e
= exp [=| ||— -1—|l= -
t = %4_21_1‘ p 2 o2 1 M1 (%+2;1> o2 0o Mo (%+251)

ol Il )| @29
0 1
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From (4.27), it is seen that the posterior distribution p;(x|F;) = % is
1 sts=1

1 —1
N( <% + 2;1> (% + 2;%), <% + 2;1> ) (4.29)

E; [|Ft] Cov; [T|Fi]

The closed form expressions for the necessary and sufficient statistics in Algorithm 8,
namely Ly, E;[x|F;] and Cov;[x|F;], are given in (4.28) and (4.29). Note that these statistics,
and thus the posterior estimation cost Aij [cf. (4.11)] are functions of U; and v; only.
Hence, in (4.18), given U the expectation is taken over v; = Uz + Zzzl H'wg, which
is distributed as N (U, U ;U + 0?U;) under H;. As a result, C; and the optimum
stopping time T [cf. (4.15)] are functions of Uy only, which is in fact the Fisher information
matrix. At each time ¢, for the corresponding U, we can easily estimate the optimal cost C;
[cf. (4.18)] through Monte Carlo simulations. Specifically, given U; we generate realizations
of v, compute the expression inside the expectation in (4.18), and average them.

The above scheme performs online simulations to estimate C; for the specific U; value
at time ¢. Alternatively, for a large number of U values, C(U) can be computed offline
to obtain a stopping rule based on U, reducing the online computation considerably. In
particular, a hyper-surface @ = {U : C(U) = «} that separates the continuation region

R ={U : C(U) > a} and stopping region S = {U : C(U) < a} in an N22+N—dimensional

space determines the optimal stopping rule. Although U; = Zizl H'/ H, has N? entries, it
is in fact W—dimensional due to symmetry. Such a hyper-surface can be found through
offline Monte Carlo simulations. This alternative method significantly reduces the amount
of online computations since at each time ¢t we only need to check whether Uy is in the
continuation or stopping region. On the other hand, to decrease the amount of online
computations it performs exhaustive offline computations. Hence, it should be preferred
in the cases where offline resources are cheap. The procedure for the alternative optimum

scheme is summarized in Algorithm 9.

4.2.5 Independent LQG Model

Here, we further assume in (4.25) that the entries of @ are independent (i.e., £y and X,

are diagonal), and H; is diagonal. Note that in this case M = N, and the entries of y, are
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Algorithm 9 The procedure for the optimum scheme with offline computation

1: Initialization: t <+ 0, U < 0, v < 0

2: Compute the continuation region R

3: while U € R do

4: t—t+1

5 U« U+H,H;;v+v+Hy,

6: end while

7: Stop: T =t

8 A=U4s b =% +% p, i=0,1

ollA _ -
9: L=,/ }E?H [1): exp [§ (b1 A1by — b Agbo + ppEg g — i1 )]

10: e; = Al_lbl
11: MMSE; = Tr(A; 1)

. _ 2
12: A% = MMSEo + (53857 )  leo — erl|?, j = 0,1

2
. bos
13: A = MMSE; + (m) leo — el
14: if L (CLl + bloAlo — bllAll) Z ag + bolAOI — booAOO then
15:  Decide: d =1

16:  Estimate: x = tu€otbule,

bo1+b11 L
17: else
18: Decide: d =0
. : . ¢ — boo€o+tbioLey
19: Estimate: x = oot hioT
20: end if

independent. This may be the case in a distributed system (e.g., wireless sensor network) in
which each node (e.g., sensor) takes noisy measurements of a local parameter, and there is
a global event whose occurrence changes the probability distributions of local parameters.
In such a setup, nodes collaborate through a fusion center to jointly detect the global event
and estimate the local parameters. To find the optimal scheme we assume that all the
observations collected at nodes are available to the fusion center.

Due to spatial independence we have p;({y}_i[H¢) = 12, pi({ysn ey [HP), where
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pi({ysn i |H}) is given by the scalar version of (4.27), i.e

Pil{ysm}emHY') =

r Ut,n+/‘i,7L 27
7 pi,n
9 Tn— U, o 1
'Ut,n_i_'u‘i,n o2 pzzn
2 o2 pﬁ eXp - 7] .
_1 §:t ysn4_“ _ N fin/ T, T
€xp 2 s=1 o2 ut, 7L+ 1 T;T+
L,n pi,n
Pin
. u1 L . 1 dz, (4.30)
t t 3 t,n x
(2m)t/2 o Pin 5+ P T
bn R Tt

where the subscript n denotes the n-th entry of the corresponding vector, p? ., is the n-th

diagonal entry of 3;, us, = zz 1 h2 and v, = Ztszl hsnYsn- As a result, the posterior

distribution p;(z,|F) = 2 lp({(y{“‘y"}s} 1’x|7;|;:) ) of each local parameter x,, is

Utn + l;zn 1
,n
N Un 1 Ui T | (4.31)
5t = 5+ =
g pzn g pi,n

and thus the MMSE estimator and MMSE under H; are

Vt,n + Hin
n, 02 pzzn 2 1
EfonlF)] = o2 and MMSE], = -,
o o

respectively. Note that MMSE! = Zﬁf:l MMSEi . The global likelihood ratio is given by

the product of the local ones, i.e., L; = H 1 L}, where from (4.30) L} = % is
s,n s 1

written as
2 2
Vt,n H1in Vt,n HO,n

1 -z T 2 -z T ;r 2 2
n Po,n 1,n 0,n MOJL lu’l,n

t = 5 Ut 1 T g, 1 2 2
P1,n 2 -t = o+ Pon  Pin

pl,n pO n ’ ’

(4.32)

In this case, the optimal cost C; and thus the optimum stopping time T (cf. Theorem

6) are functions of the local entities {u,};_; only since L;, {E;[z,|F]}, MMSE;, and
accordingly Aij are functions of {u;n,ven}n_; only. Hence, here the continuation and
stopping regions that determine the optimal stopping rule can be found through offline

N°+N_dimensional

simulations in an N-dimensional space, which is much smaller than the & 2
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space under the general LQG model. Consequently, the scheme that finds the optimal
stopping rule through offline simulations is more viable here. In simulations, we generate
the realizations of each entry vy , of v; independently and according to N (Hin Ut m, p?nufn +

azum).

4.3 Dynamic Spectrum Access in Cognitive Radio Networks

4.3.1 Background

Dynamic spectrum access is a fundamental problem in cognitive radio, in which secondary
users (SUs) are allowed to utilize a wireless spectrum band (i.e., communication channel)
that is licensed to primary users (PUs) without affecting the PU quality of service (QoS)
[79]. Spectrum sensing plays a key role in maximizing the SU throughput, and at the same
time protecting the PU QoS. In spectrum sensing, if no PU communication is detected,
then SU can opportunistically utilize the band [97; 98]. Otherwise, it has to meet some
strict interference constraints. Nevertheless, it can still use the band in an underlay fashion
with a transmit power that does not violate the maximum allowable interference level [99;
100]. Methods for combining the underlay and opportunistic access approaches have also
been proposed, e.g., [101; 102; 26]. In such combined methods, the SU senses the spectrum
band, as in opportunistic access, and controls its transmit power using the sensing result,
which allows SU to coexist with PU, as in underlay.

The interference at the PU receiver is a result of the SU transmit power, and also
the power gain of the channel between the SU transmitter and PU receiver. Hence, SU
needs to estimate the channel coefficient to keep its transmit power within allowable limits.
As a result, channel estimation, in addition to PU detection, is an integral part of an
effective dynamic spectrum access scheme in cognitive radio. In spectrum access methods
it is customary to assume perfect channel state information (CSI) at the SU, e.g., [99; 101;
100]. Recently, in [26], the joint problem of PU detection and channel estimation has been
addressed.

It is also crucial to minimize the sensing time for maximizing the SU throughput. Specif-

ically, decreasing the sensing period, that is used to determine the transmit power, saves
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time for data communication, increasing the SU throughput. Consequently, dynamic spec-
trum access in cognitive radio is intrinsically a sequential joint detection and estimation

problem.

4.3.2 Problem Formulation

We consider a cognitive radio network consisting of K SUs, and a pair of PUs. In PU
communication, a preamble takes place before data communication for synchronization
and channel estimation purposes. In particular, during the preamble both PUs transmit
random pilot symbols simultaneously through full duplexing. Pilot signals are often used
in channel estimation, e.g., [103], and also in spectrum sensing, e.g., [104]. We assume each
SU observes such pilot symbols (e.g., it knows the seed of the random number generator) so
that it can estimate the channels that connect it to PUs. Moreover, SUs cooperate to detect
the PU communication, through a fusion center (FC), which can be one of the SUs. To
find the optimal scheme we again assume a centralized setup where all of the observations
collected at SUs are available to the FC. In practice, under stringent energy and bandwidth
constraints SUs can report to the FC using level-triggered sampling, a non-uniform sampling
technique known to achieve asymptotic optimality while satisfying such constraints [20].

When the channel is idle (i.e., no PU communication), there is no interference constraint,
and as a result an SU can transmit with full power P,x. In this case, SUs receive pure noise.
On the other hand, in the presence of PU communication, to satisfy the peak interference
power constraints I; and I of PU 1 and PU 2, respectively, SU k should transmit with
power P, = min {Pmax, 2 xTz}, where x;, is the channel coefficient between PU j and
SU k. Hence, firstly the presence/absence of PU communication is detected. If no PU
communication is detected, then a designated SU transmits data with Py.. Otherwise,
the channels between PUs and SUs are estimated to determine transmission powers, and
then the SU with the highest transmission power starts data communication.

We can model this sequential joint detection and estimation problem using (4.25). Here,
the vector * = [x11,...,T1K,%21,...,%2k] holds the channel coefficients; the diagonal
matrix

Ht = diag(huh . ,ht71, ht72, e ,ht72)
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holds the pilot signals; ¥, and w; are the observation and noise vectors in R?X, respectively.
Then, we have the following binary hypothesis testing problem
HO L= 0,
(4.33)

Hl:mNN(U7E)7

where p = [u11,. .., p2x], T = diag(p?), ..., pag) with pujx and p?k being the mean and
variance of the channel coefficient x i, respectively.

Since channel estimation is meaningful only under Hi, we do not assign estimation cost
to Hg, and perform estimation only when H; is decided. In other words, we use the cost

function
%(T, dT, :i}T) = aopo(dT = 1’7‘[T) + CL1P1(dT = O‘HT)
+ Eq [bull@r — @l|*Ligpo1y + broll@|*Ligp—oy[Hr] . (4.34)

which is a special case of (4.3). When Hy is decided, it is like we set &7 = 0. Similar to

(4.5), we want to solve the following problem

min T s.t. €(T,dr,z7) < a, (4.35)
T,dp,Xp

for which the optimum solution follows from Section 4.2.2.

4.3.3 Optimum Solution

We write the optimum estimator as
xr = Ei[z|Fr] (4.36)

by substituting by; = 0 into (4.9). Then, from (4.10), the posterior estimation costs are

given by

AlTl = Tr (Covq[x|F7])

e 2 | ik = jk7)? Ik
AP =SSN R A = ZZ{(Ez[SﬂjklfT ]) + Var [z | ]}

j=1k=1 =1 k=1

= |jx7[|* + Tr (Covi [z|F7])
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As a result, we get the optimum detector, from (4.14), as

gp o 4 LA L [+ buolkr]® + (bio = bi) Te (Comife| Fr)] = ao (4.37)
0 otherwise

since bgg = bg1 = 0 here. In practice, a single weight is used for the estimation error
regardless of the detection decision. Hence, assuming by = b1; = by we obtain the following

optimum solution.

Corollary 1. The optimum sequential joint detector and estimator that solves (4.35) is

given by
T=min{t e N: C; < a} (4.38)
e LTI SR (4.39)
0 otherwise
x7 = Ei[@| 77, (4.40)
where

Ct £ Egp

[—

{ao — (a1 + b1|’)2t|’2) Lt}_ "Ht} + b1Eq [”)A(t”z + Tr (COVl[:I:’.B]) "Ht] +a; (4.41)
1s the optimal cost at time t.

Proof. Since for any stopping time 7' we showed in (4.36) and (4.37) that € (7, dr,xr) <
€ (T,dr, &), the optimum stopping time T is the first time C; = €(t,d;, X;) achieves the
target accuracy level a, proving (4.38). Finally, (4.39), (4.40), (4.41) directly follow from

(4.37), (4.36), (4.18), respectively. O

From (4.31), the posterior distribution of each channel coefficient z;;, under H; is known

to be Gaussian with mean and variance

Vt,jk Hik
_+_
N N d V | 7R = L =1,2, k=1 K, (4.42
1[xyk’t]—%717 an arl[xjk’t]_ut,j e J=L2 k=1... K (442)
T R
where u;; = S0, hz,j and vy, = St hs jysji- Note that the entries of Xx;, and

Tr (Covy[x|F]) = Z?:l SO Vary [x]k\}"tjk] are given in (4.42). Since the received signal
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under Hy is white Gaussian noise, and the likelihood pl({y&jk}gzﬂ’}-[gk) is given by (4.30),

~ opiye ettt 1135)

we write the local and global likelihood ratios sz = s=L—t~ and L; as
Po({Ys. gk tom [H1")
( 2
Ytk +MJ'I‘>
eXp l utiJ_i_ik pJZ
o2 ”?k ’ 2 K
jk ik
L = — , Le=]]II&" (4.43)
Pik /55 T N j=1k=1

The necessary and sufficient statistics for the optimum schemes given in Algorithm 8 and
Algorithm 9 are provided in (4.42) and (4.43). Similar to Section 4.2.5, in (online/offline)
Monte Carlo simulations for estimating the optimal cost, we generate the realizations of
vy j independently for each pair (j, k) and according to N (0, o%u ;) and N (pjpus j, p?ku?,j +

Uzut,j) under Hy and Hq, respectively.

4.3.4 Discussions

Since the statistics in (4.42) and (4.43) are functions of {w j, vy i}, only, and the expecta-
tions in (4.41) are conditioned on {hs ;},; for s =1,... ¢, the optimal cost C; is a function
of the Fisher information u;; and w2 only. Hence, the continuation and stopping regions
that determine the optimal stopping rule can be easily found through offline simulations in
a 2-dimensional space, compared with the N-dimensional and W—dimensional spaces in
Section 4.2.5 and Section 4.2.4, respectively. That is, in this problem, Algorithm 9, which
considerably decreases the amount of online computation by finding offline the optimum
stopping rule for {us1,us 2}, is preferred over Algorithm 8, which estimates C; online at
each time t.

The optimum estimator, given by (4.40), is the posterior expected value, i.e., MMSE
estimator, of the channel coefficient vector under Hy as channel estimation is meaningful
only when PU communication takes place. The optimum detector, given in (4.39), uses the
side information provided by the estimator. Specifically, the farther away the estimates are
from zero, i.e., ||xT||? > 0, the easier it is to decide for H;. For by = 0, i.e., in the pure
detection problem, it boils down to the well-known likelihood ratio test (LRT). Note that

the proposed scheme in Corollary 1 can be used in parallel to dynamically access to multiple

spectrum bands.
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In the conventional approach, the detection and estimation problems are treated sep-
arately with a combination of either sequential detector and fixed-sample-size estimator
or sequential estimator and fixed-sample-size detector, as opposed to the sequential joint
detector and estimator (SJDE) given in Corollary 1. An important example to the former
is the combination of sequential probability ratio test (SPRT) and MMSE estimator. In the
pure detection problem, SPRT is the optimum sequential detector for i.i.d. observations
{yt i}, which is not the case here. Since it is the most common sequential detector, we con-
sider it here. In SPRT, we continue taking new observations as long as the likelihood ratio
is between two thresholds, and stop the first time it crosses a threshold. At the stopping
time, Hy (resp. Hp) is decided if the upper (resp. lower) threshold is crossed [56], and finally
the MMSE estimator of  under Hy (resp. Hg) is computed. On the other hand, since the
accuracy of channel estimation is crucial in satisfying the PU interference constraints under
Hy, in SJDE, the cost function, and as a result the stopping time and decision function
involve the estimator. To verify the involvement of the estimator in the decision function
we also compare SJDE with the combination of the stopping time given in (4.38) for SJDE,
the LRT detector, and the MMSE estimator.

In Fig. 4.1, we numerically show the superior performance of SJDE over i) the combined
SPRT detector and MMSE estimator (SPRT & Est.), and ii) the sequential LRT detector
and MMSE estimator (SLRT & Est.), which are described above. The « value on the hor-
izontal axis is the target accuracy level that we want to achieve in terms of the combined
detection and estimation cost in (4.34), i.e., € (T,dr,Z7) < o. The combined SLRT detec-
tor and MMSE estimator is equipped with the stopping rule of SJDE to demonstrate the
advantage of incorporating the side information from estimation into the decision function.
SJDE is specifically designed to minimize the stopping time subject to a constraint on the
combined cost, thus expectedly achieves the best performance in Fig. 4.1. Since SLRT &
Est. uses the optimum stopping time, given by (4.38), for the problem in (4.35), it outper-
forms SPRT & Est., in which the detector and estimator are completely separated, and the
stopping time is solely determined by the detector, following a conventional approach.

In our problem of interest, it is crucial that SUs do not violate the maximum inter-

ference constraint, which in turn ensures an admissible PU outage probability. In case of



CHAPTER 4. SEQUENTIAL JOINT DETECTION AND ESTIMATION 108

45
- V - SJ E
-0 -SPRT & Est.

40+ Q\ SLRT & Est. )
= \
= .
+ (]
a0 35 v \ R
b LSRN \
= \
2 LS Y
S 30 V \ \ R
R NN N
o AT Q\
P v\ A s
& 25 \ N ) i
[} S ~
2 V\ o \s

V RS \\
20 So <l e 1
v RS
~
15 : : : : : :
0.4 0.5 0.6 0.7 0.8 0.9 1

Target accuracy, o

Figure 4.1: Average stopping time vs. target accuracy level for SJDE in Corollary 1, the
conventional SPRT detector & MMSE estimator, and the sequential LRT detector & MMSE

estimator equipped with the stopping rule of SJDE.

misdetection the SU transmits with maximum power, which may cause the violation of
outage constraint. Even when the SU correctly detects PU communication, poor channel
estimate may still cause the SU to transmit with a non-admissible power. On the other
hand, the false alarm, which corresponds to deciding on Hy under Hg, is not related to the
outage constraint, but only degrades the SU throughput. Therefore, in the combined cost
expression in (4.34) the second and third terms are more important than the first term.
Accordingly, in Fig. 4.1 we use a9 = a1 = 0.2 and by; = byp = by = 0.6. Since the second
part of the third term in (4.34) already penalizes misdetection, we do not differentiate be-
tween the coefficients, ag and ay, of the detection error probabilities. In Fig. 4.1, referring
to (4.33) we use pj; = 0, ie., Rayleigh fading channel xj;, and p?k =02 = E[\hij] =
where j =1,2 and k= 1,...,5 are the PU and SU indices, respectively.
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4.4 State Estimation in Smart Grid with Topological Uncer-
tainty

4.4.1 Background and Problem Formulation

State estimation is a vital task in real-time monitoring of smart grid [105]. In the widely
used linear model

y, = Hx + wy, (4.44)

the state vector & = [fy,...,0y] holds the bus voltage phase angles; the measurement
matrix H € RM>*N represents the network topology; y, € RM holds the power flow and
injection measurements; and w; € RM is the white Gaussian measurement noise vector.
We assume a pseudo-static state estimation problem, i.e., & does not change during the
estimation period. For the above linear model to be valid it is assumed that the differences
between phase angles are small. Hence, we can model 6,,, n = 1,..., N using a Gaussian
prior with a small variance, as in [106; 83].

The measurement matrix H is also estimated periodically using the status data from
switching devices in the power grid, and assumed to remain unchanged until the next
estimation instance. However, in practice, such status data is also noisy, like the power
flow measurements in (4.44), and thus the estimate of H may include some error. Since
the elements of H take the values {—1,0,1}, there is a finite number of possible errors.
Another source of topological uncertainty is the power outage, in which protective devices
automatically isolate the faulty area from the rest of the grid. Specifically, an outage changes
the grid topology, i.e., H, and also the prior on . We model the topological uncertainty
using multiple hypotheses, as in [83; 107; 108; 109]. In (4.44), under hypothesis j we have

Hi: H=Hj z~N(p;%;), j=01,....J. (4.45)

where Hy corresponds to the normal-operation (i.e., no estimation error or outage) case.
Note that in this case, for large J, in (4.3) there will be a large number of cross estimation

costs bj;E;[||&] — $||2]1{dT:i}|HT], i # j that penalize the wrong decisions under H;. For

simplicity, following the formulation in Section 4.2.3, we here penalize the wrong decisions

only with the detection costs, i.e., bj; =0, i # j, and bj; = b; > 0. Hence, generalizing the
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cost function in (4.19) to the mulihypothesis case, we use the following cost function

J

C(T, dp, {a)}) = Z{ P(dr # j) + b;E; [Hﬁ:?p - a;”?n{dT:j}] } (4.46)

7=0
Here we do not need the conditioning on H; as the measurement matrices {H ;} are deter-

ministic and known. As a result the optimum stopping time T is deterministic and can be

computed offline.

4.4.2 Optimum Solution

Similar to (4.21), the optimum estimators are given by

. -1 .
U; -1 vi -1

where the closed form expression follows from (4.29) with U7 = ¢t H "H jand vl = H,S Ly,

We use the estimator f(%- when H; is decided. Substituting {)22,-} in (4.46) we have

J
dT = Z E] |: )]]_{d_l_;éj}:| + b AT’ (448)
Jj=

: -1
where A} = Tr(Cov;[z|F]) = Tr <<€]—2i + 2;1) ) from (4.22) and (4.29), respectively.

Hence,

dr =argm1nz / / ) AL) pj ({yt}t 1) dy; ... dyr, (4.49)

where A;(dt) is the region where H; is rejected, i.e., dt # j, under H;. To minimize the
summation over all hypotheses, the optimum detector, for each observation set {y,}, omits
the largest (a;—b; Azl-) Dj ({yt};r:l) in the integral calculation by choosing the corresponding
hypothesis. That is, the optimum detector is given by

dr = arg mjax (a; — bjA%-) Dj ({yt}tT:1> ) (4.50)
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: -1
where A% = Tr <(& + Z-_l) ) and, from (4.27),

T 2 _
exp [—3 [ S B + sy 2 _1—ll%+2ﬁuﬂ\2<UT =)
j —z T j)

1‘1/2

p ({wh) = .

(27T)mT/2 omT |Ej|1/2 e ;

Finally, from (4.48) and (4.50), the optimal cost C; = €(d;) is given by

J

Cr = (aj — bjA])P;(ds # 5) + b A7, (4.51)
=0

which can be numerically computed offline for all ¢ by estimating the sufficient statistics
{P;j(d¢ # j)}+; through Monte Carlo simulations. Once the sequence {C;} is obtained,
the optimum detection and estimation time is found offline using T = min{t : C; < a}.
In simulations, we generate the realizations of y, according to N (H wj, H ;3 H 3 + o21);
find d; using (4.50); and average 14,5, over the realizations. Since the correct hypothesis
is unknown, the individual average costs under each hypothesis are summed to yield the
overall average cost in (4.51). According to the optimum stopping rule we stop taking new
observations and perform detection and estimation (in a joint manner) when this overall

average cost is as small as the target value a.

4.4.3 Discussions

Similar to Section 4.2.3, the optimum detector in (4.50) is biased towards the hypothesis
with best estimation performance (i.e., smallest MMSE), hence is an ML & MMSE detector.

We next present numerical results for the proposed scheme using the IEEE-4 bus system
(c.f. Fig. 4.2). Note that in this case the state status is characterized by a 3-dimensional
vector, i.e., x € R3 (the phase angle of bus 1 is taken as the reference). In Fig. 4.2, it is seen
that there are eight measurements collected by meters, thus the topology is characterized
by a 8-by-3 matrix, i.e., H € R®*3,

Since the impedances of all links are known beforehand, we assume that they are of unit
values without loss of generality. Here, instead of considering all possible forms of H, we

narrow down the candidate grid topologies to the outage scenarios. In particular, as given
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Bus 2

Figure 4.2: Illustration for the IEEE-4bus system and the power injection (square) and

power flow (circle) measurements.

in (4.52), H represents the default topology matrix, and {H;,i = 1,2, 3,4} correspond to
the scenarios where the links l;_o,lo_3,l3-4,l4—1 (li—; denotes the link between bus i and
bus j) break down, respectively.

We use the following distributions for the state vector & under the hypotheses {H;}.

Ho:x ~N(n/5x1,72/9 x I), Hi: x~N(27/5x 1,7%/16 x I),
Hy:x ~ N(37/5 x 1,7%/25 x I), Hz: x~ N(4r/5 x 1,7%/36 x I),
Hy:x~N(m x1,72/4 x I),

where a; = 0.2, b; = 0.8,Vi, 1 is the vector of ones and I is the identity matrix. The

measurements are contaminated by the white Gaussian noise w; ~ N(0,I). The goal is

to decide among the five candidate grid topologies, and meanwhile, to estimate the state
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vector.
02 03
Py -1 0
P -1 0
P 2 -1
Hy— Py_s 1 -1
Ps -1 2
P34 0 1
Py 0 -1
Py 0 0
-1 0 -1
-1 0 O
10 0
Hoy— 0O 0 O
0o 1 -1
0o 1 -1
0 -1 2
0 0 1

04

H,

o o O

(4.52)
0 0
0 0
-1 0
1 0
2 -1
1 -1
-1 1
0 0
(4.53)

Since SPRT is not applicable in the multi-hypothesis case, we compare the proposed

SJDE scheme with the combination of SLRT detector and MMSE estimator, equipped the

stopping time given in (4.15). Fig. 4.3 illustrates that SJDE significantly outperforms

this combination. We see that SJDE requires smaller average number of samples than

SLRT & Est. to achieve the same target accuracy. Specifically, with small average sample

size (i.e., stopping time), the improvement of SJDE is substantial. This is because smaller

sample size causes larger estimation cost A , which in turn emphasizes the advantage of the

proposed detector, given by (4.50), over the conventional LRT detector. In fact, in smart

grid monitoring, the typical sample size is small since the system state evolves quickly, and

thus there is limited time for the control center to estimate the current state.
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Average stopping time
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Figure 4.3: Average stopping time vs. target accuracy level for SJDE and the combination

of sequential LRT detector & MMSE estimator equipped with the stopping rule of SJDE.

4.5 Conclusion

We have developed a general framework for optimum sequential joint detection and estima-
tion. More specific cases have also been analyzed for application purposes. Applying the
developed theory to two popular problems, namely dynamic spectrum sensing in cognitive
radio networks, and state estimation in smart grid with topological uncertainties, we have
proposed optimum sequential procedures, and numerically analyzed their performances.

Numerical results show considerable performance gains over the conventional methods.
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Chapter 5

Conclusions

In this thesis, we have considered sequential detection, estimation, and joint detection
and estimation, and their applications to decentralized systems, such as wireless sensor
networks, cognitive radio, and smart grid. We have designed optimum sequential schemes
for estimation, and joint detection and estimation. An event-based sampling technique
called level-triggered sampling has been used as a means of information transmission in
decentralized systems with stringent energy and bandwidth constraints. The sequential
decentralized schemes designed in this thesis are compatible with the existing hardware
based on conventional A/D conversion. Rigorous analyses have been performed to show
that the developed decentralized schemes achieve a strong type of asymptotic optimality
called order-2 asymptotic optimality. We have shown both analytically and numerically
that the proposed schemes based on level-triggered sampling significantly outperform their
counterparts based on conventional uniform sampling in terms of minimizing the average

sample size, i.e., decision time.
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Appendix A

Proofs in Part 1

A.1 Theorem 2

We will prove the first equality in (2.27), and the proof of the second one follows similarly.

Let us first prove the following lemma.

Lemma 5. As «, 8 — 0 we have the following KL information at the FC
L(T) =|loga| +0(1), and Io(T) = |log 8| + O(1). (A.1)

Proof. We will show the first equality and the second one follows similarly. We have

I(T) =Py(Ly > A)E[Ly|Lr > Al + P1(L7 < —B)Ei[Ly|L+ < —B]

=(1—B)(A+Ei[0a]) — B(B + E1[0]) (A.2)

where 04, 8 are overshoot and undershoot respectively given by 84 £ ﬁT—A if ﬁT > A and
0p £ —L1 — B if L+ < —B. From [12, Theorem 2|, we have A < |loga| and B < |log A,
so as o, f — 0 (A.2) becomes I1(T) = A+ E[04] + o(1). From (2.10) we have |\}| < oo if
0 < ag, B < 1. If we assume 0 < A < oo and |IF| < oo, VE, t, then we have 0 < ag, B, < 1
and as a result ff (t") = E; [X]f] < 00. Since the overshoot cannot exceed the last received
LLR value, we have 04,0 < O = maxy, \5\'3] < co. Similar to Eq. (73) in [12] we can
write 3 > e 570 and a > ¢747® where © = O(1) by the above argument, or equivalently,
B > |log8| — O(1) and A > |loga| — O(1). Hence we have A = |loga| + O(1) and
B = |log 8| + O(1). O
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From the assumption of |I¥| < oo, Vk, t, we also have I;(1) < I;(1) < oo. Moreover, we
have E;[Vi] < Ei[7f] < oo since E;[I¥] # 0. Note that all the terms on the right-hand side
of (2.26) except for f,(T) do not depend on the global error probabilities «, 3, so they are
O(1) as «a, 8 — 0. Finally, substituting (A.1) into (2.26) we get (2.27).

A.2 Proposition 2

Note that in the noisy channel cases the FC, as discussed in Section 2.3, computes the
LLR 5\]3 of the signal it receives, and then performs SPRT using the LLR sum L;. Hence,
analogous to Lemma 5 we can show that I1(7) = |log a| 4+ O(1) and Iy(T) = | log 8] + O(1)
as a, 3 — 0. Note also that due to channel uncertainties [A%| < [A¥|, so we have IF(th) <
I*(t%) < 0o and I;(1) < I;(1) < co. We also have E;[Vi] < E;[7F] < oo as in the ideal

channel case. Substituting these asymptotic values in (2.30) we get (2.31).

A.3 Lemmal

For given ¢F, GF takes the two values defined in (2.66) with probability p and 1 — p re-
spectively. Define ¢ = %, that is, the common length of the subintervals. Suppose that
(m—1)¢ < ¢*¥ < mé, m = 1,...,7 then ¢~ takes the two end values with probabilities
p, (1 — p) respectively, but let us consider p unspecified for the moment. We would like to
select p so that

£} (A+(m—1)¢) | (1- p)eibg(Aere) < eFUn(A+ar). (A.3)

pe
Since b’ﬁl is a sign bit this is equivalent to solving the inequality

pet(m=DE L (1 — p)etmé < eiqﬁ, (A4)

from which we conclude that

A k A k
e—mﬁ _ e—qn emﬁ _ eqn
p = min { _ } (A.5)
e

—mé _ p—(m—1)¢’ gmé _ o(m—1)é’

It is straightforward to verify that the second ratio is the smallest of the two, consequently

we define p to have this value which is the one depicted in (2.66).
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Appendix B

Proofs in Part 11

B.1 Lemma 3

In Section 3.2, the LS estimator was shown to be the MVUE under Gaussian noise and the

BLUE under non-Gaussian noise. It was also shown that Cov(Xt]H 1) =0o’U;, !, Hence, we

write
f (Cov(XrlHT)) = f (E Li_o; X, - -X)" ﬂ{t:T}th]>
:f<§:E (X, - X)T\Ht] 11{t:ﬂ> (B.1)
> f (Za Ut 1 T}> (B.2)
— [ (c?U7FY), (B.3)

for all unbiased estimators under Gaussian noise and for all linear unbiased estimators under
non-Gaussian noise. The indicator function 14y = 1 if A is true, and 0 otherwise. We
used the facts that the event {7 = ¢} is H;-measurable and E[(X; — X)(X, — X)T|H,] =
Cov(X,|H,) > 02U, ! to write (B.1) and (B.2), respectively.
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B.2 Lemma 4

We will first prove that if V(z) is non-decreasing, concave and bounded, then so is G(z) =
z . . 2

1+ E [V (m)] That is, assume V(z) satisfies: (a) £V(z) > 0, (b) C??V(z) <0, (¢

V(z) < ¢ < 00,Vz. Then by (c) we have

z
1 1 v B.4
+V<1+zh%>< + ¢, Vz, (B.4)
hence G(z) < 1+ ¢ is bounded. Moreover,
d z 4Y(z)
el = 0, V B.5
dzv<1—|—zh%> (1+ zh3)? - (B:5)

by (a), and thus G(z) is non-decreasing. Furthermore,

d2 d> 2 L V(2) dy(z)

JRE— = E e D E— — dz dz B

122 G(2) w27 (1 n zh%) ] (14 2h2)4 * —(1+ 2h2)3/2h2 | vz, (B.6)
<0 by (b) <0 by (a) & z=1>0

hence G(z) is concave, concluding the first part of the proof.

Now, it is sufficient to show that V(z) is non-decreasing, concave and bounded. Assume
that the limit lim,, o Vin(2) = V(2) exists. We will prove the existence of the limit later.
First, we will show that V(z) is non-decreasing and concave by iterating the functions

{Vim(z)}. Start with Vy(z) = 0. Then,

Vi(z) = min {)\022, 1+E [vo <%2h%>} } = min{\o?z, 1}, (B.7)

which is non-decreasing and concave as shown in Fig. B.1. Similarly we write

Va(2) = min {)\022, 1+E [vl <1 jzh%ﬂ } , (B.8)

>] is non-decreasing and concave since V;(z) is non-decreasing and

z
where 1 + E {Vl (th%
concave. Hence, V5(z) is non-decreasing and concave since pointwise minimum of non-
decreasing and concave functions is again non-decreasing and concave. We can show in
the same way that V,,(z) is non-decreasing and concave for m > 2, i.e., V(z) = Vo (2) is

non-decreasing and concave.

Next, we will show that V(z) is bounded. Assume that

V(z) < min{\o?z, ¢} = )\Jzz]l{)\azzgc} + clro2z50) (B.9)
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Vl (Z)
/\qzz

Figure B.1: The function Vj(z) is non-decreasing and concave.

Then, from the definition of V(z) we have 1 + E [V <ﬁ)] < ¢. Since V(z) is non-
1

decreasing, E [V <1+ﬁ)} <E [V (#)} From (B.9) we can write
1 1

z 1
<14+E — 1+E
”E[V<1+zh%>]— - ["<h%>]< *

Recalling 1 + E [V <Hﬁg>} < ¢ we want to find a ¢ such that
1

2

Ao 1
Wy CE s

by 2
+cP <hi2 > c> , (B.10)
1

)\2
A g

1+E
TE S <o)

by 2
+ecP <hi2 > c> <e. (B.11)
1

For such a ¢ we have

o2 o2
<< — -
1<cP<h% _c) E[h% E{A}ZQSC}]

o2 o2\ T
[( h%) {%i’fﬁc}] [( h%) ] (B12)

where ()T is the positive part operator. We need to show that there exists a ¢ satisfying

+
E [(c — )‘LQ) ] > 1. Note that we can write

— <c - L'2>+ P(h? > o), (B.13)
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where (c — L:z>+ — 00 as ¢ — oo since A and € are constants. If P(h? > €) > 0, which is
always true except the trivial case where h; = 0 deterministically, then the desired c exists.

Now, what remains is to justify our initial assumption V(z) < min{\o?z,c}. We will
use induction to show that the assumption holds with the ¢ found above. From (B.7), we

have Vi(z) = min{\o?z,1} < min{\o?z, ¢} since ¢ > 1. Then, assume that
Vim-1(2) < min{\o?z,c} = Aazz]l{)\azzgc} + clirg2z5c)- (B.14)

We need to show that V,,(z) < min{A\o?z, ¢}, where V,,(2) = min {)\0273, 1+E [Vm_l (ﬁ)] }
1

Note that 1+E [V <1+Zh )} <1+E [Vm_l <Elf)} since V,,—1(z) is non-decreasing. Sim-

ilar to (B.10), from (B.14) we have

1 02 Ao
1+E[Vm_1<h—%>}<1+E h2 {A",} —|—cP<h—%>c><c, (B.15)
where the last inequality follows from (B.11). Hence,
V() < min{Ao?z, ¢}, Vm, (B.16)

showing that V(z) < min{Ao?z, ¢}, which is the assumption in (B.9).

We showed that V(z) is non-decreasing, concave and bounded if it exists, i.e., the
limit lim,, o0 Vin(z) exists. Note that we showed in (B.16) that the sequence {V,,} is
bounded. If we also show that {V,,} is monotonic, e.g., non-decreasing, then {V,,} con-
verges to a finite limit V(z). We will again use induction to show the monotonicity for
{Vim}. From (B.7) we write Vi(z) = min{\o?z,1} > Vy(z) = 0. Assuming V,,_1(z) >

) =
Vim—2(2z) we need to show that V,(
min{)\az 1—|—E[ <1+ hg)}}andvm 1( min{)\az 1+E[ (1+zh2>]} We
have 1 + E [Vm_ (mﬂ >1+E [Vm_ <m)] due to the assumption V,,_1(z) >
Vim—2(2), hence Vp,(2) > Vin—1(2).

2) > Vim—1(z). Using their definitions we write V,,(2) =

To conclude, we proved that V,,(z) is non-decreasing and bounded in m, thus the limit
V(z) exists, which was also shown to be non-decreasing, concave and bounded. Hence, G(z)

is non-decreasing, concave and bounded.
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Figure B.2: The structures of the optimal cost function V(z) and the cost functions F(z)

and G(z).
B.3 Theorem 5

The cost functions F(z) and G(z) are continuous functions as F' is linear and G is concave.
From (3.20) we have V(0) = min{0,1+V(0)} = 0, hence G(0) = 1+ V(0) = 1. Then, using
Lemma 4 we illustrate F'(z) and G(z) in Fig. B.2. The optimal cost function V(z), being
the minimum of F' and G [cf. (3.20)], is also shown in Fig. B.2. Note that as t increases z
tends from infinity to zero. Hence, we continue until the stopping cost F(z;) is lower than
the expected sampling cost G(z;), i.e., until z; < C”. The threshold C”(\) = {z: F(\,z) =
G(z)} is determined by the Lagrange multiplier A, which is selected to satisfy the constraint
Var(i7) = E [%} = C [cf. (3.14)].

B.4 Proposition 3

The simplified distributed scheme that we propose in Section 3.4 is motivated from the

special case where E[hﬁhﬁj] =0, Vk, 1,7 =1,...,n, ¢ # j. In this case, by the law of large

(2
numbers for sufficiently large ¢ the off-diagonal elements of % vanish, and thus we have

% = % and Tr(ﬁt_l) >~ Tr(D;'). For the general case where we might have E[hf,ihf,j] #0
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for some k and i # j, using the diagonal matrix D; we write

-1
Tr (U;l) = Tr<<Dtl/2 D;*U,D;"? Dt1/2> ) (B.17)
—_—
R,
Tr (D;WR;lD;l/?)

Tr(D;'R;). (B.18)

Note that each entry r;;; of the newly defined matrix R; is a normalized version of the
Ut,ij _ Ut,ij
\/dt,idt,j \/ﬁt,iiﬁt,jj ?
where the last equality follows from the definition of d;; in (3.28). Hence, R; has the same

corresponding entry ;;; of U,. Specifically, Ttij = ,7=1,...,n,

structure as in (3.29) with entries

K ¢ hk’.hk’v
Dot Dt it

k
(hy,

Kt ) K ot (hy))?
Vo i B

, g =1...,n.

Ttij =

For sufficiently large ¢, by the law of large numbers

K E[hf,ihf,j}
k':l o'z

Ttij = Tij =
K E(RE)? K ElhE)?
D ket G Py o

and R; = R, where R is given in (3.29). Hence, for sufficiently large ¢ we can make the

(B.19)

approximations in (3.30) using (B.17) and (B.18).



