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This dissertation investigates data reduction strategies from a signal processing 

perspective in centralized detection and estimation applications.  

First, it considers a deterministic source observed by a network of sensors and 

develops an analytical strategy for ranking sensor transmissions based on the magnitude of 

their test statistics. The benefit of the proposed strategy is that the decision to transmit 

or not to transmit observations to the fusion center can be made at the sensor level 

resulting in significant savings in transmission costs. A sensor network based on target 

tracking application is simulated to demonstrate the benefits of the proposed strategy over 

the unconstrained energy approach. 

Second, it considers the detection of random signals in noisy measurements and 

evaluates the performance of eigenvalue-based signal detectors. Due to their 

computational simplicity, robustness and performance, these detectors have recently 

received a lot of attention. When the observed random signal is correlated, several 

researchers claim that the performance of eigenvalue-based detectors exceeds that of the 

classical energy detector. However, such claims fail to consider the fact that when the 

signal is correlated, the optimal detector is the estimator-correlator and not the energy 

detector. In this dissertation, through theoretical analyses and Monte Carlo simulations, 

eigenvalue-based detectors are shown to be suboptimal when compared to the energy 

detector and the estimator-correlator. 
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CHAPTER 1

INTRODUCTION

Wireless sensor networks (WSNs) have emerged as one of the important technological

advances in today’s world with applications in several areas including environmental monitor-

ing, personal health monitoring, military surveillance, emergency management, and vehicular

networking. A typical wireless sensor network (WSN) application such as target tracking,

location estimation, or signal detection requires the deployment of several battery-powered

sensors in the area of interest. These sensors observe events of interest and report them to

a central unit or fusion center (FC) which is usually located far from the observation area.

The present study mainly focuses on signal/target detection in WSNs. It deals with

the detection of deterministic and random signals in Gaussian noise. These are classical

problems in detection theory for which optimum detection strategies exist. These classical

detection strategies, however, do not take into account the constraints on resources such

as the energy and the available bandwidth. This work is thus primarily concerned with the

energy-efficient analysis of received noisy measurements at the FC to determine the presence

or absence of a signal. In other words, it deals with the design of efficient detectors whose

performance is usually evaluated by their ability to discriminate between two hypotheses: the

null H0 (signal absent) and the alternate H1 (signal present).

The detection strategy employed is oftentimes subject to the model of the signal being

observed. Hence, on one hand, when the signal is assumed deterministic, the primary and

optimal approaches to its detection are the classical Neyman-Pearson (NP) and Bayesian risk.

The NP criterion is used when a probability of detection (PD) is to be maximized subject to

a desired probability of false alarm (PFA) and the Bayesian risk criterion is utilized when the

objective is to minimize the average cost associated with the test. The Bayesian approach

is, however, not suited for the applications of interest (radar and sonar) as it assumes prior
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knowledge of the probabilities of occurrence of the different hypotheses.

On the other hand, when the signal is modeled as a random process as it is in the

case of spectrum sensing, the NP detector, known in this case as the energy detector (ED)

is utilized when the signal is uncorrelated. Whereas the NP detector known as the estimator-

correlator (EC) is utilized when the signal is correlated.

1.1. Rationale for the Study and Objectives

WSNs generally consist of sensor nodes with limited computational ability, storage

capacity, communication bandwidth, and energy. As a result, to prolong the lifetime of

sensor networks and improve their overall performance, signal detectors must be devised by

taking into consideration issues such as energy efficiency and data processing. The classical

NP approach to signal detection, which is here referred to as the “unconstrained energy”

approach, does not take into account these issues; it requires transmission from all sensors

in the network in order to make a decision on one of the two hypotheses.

In centralized detection schemes, the sensors transmit all of their observations to

the FC for a decision on the presence or absence of the target. Information processing

becomes a major challenge for many reasons. First, the sensors are expected to report their

observations (which could be voluminous) frequently. This creates an enormous burden on

individual resources such as the energy (usually provided by batteries that cannot be replaced

or recharged) as well as on common resources such as the communication bandwidth. In

many cases, observations coming from a sensor are routed through multiple hops, causing

additional overhead to the neighboring sensors. Second, all observations are not equally

“important”. In fact, based on the application at hand, some sensor observations may be

judged more valuable than others. This may be due, for example, to the proximity of these

sensors to the target or the source of the signal.

To address these issues, several strategies for reducing communication and energy

costs have been proposed in the literature. For example, a global node selection strategy based
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on the location of the nodes relative to the target position for localization is presented in [1].

Similarly, in [2], only the sensor whose measurement could provide the maximum information

utility is activated at each snapshot for both system stability and tracking accuracy. The

authors in [3] proposed an algorithm where the FC is responsible for gathering information

from the sensors while choosing the optimal path that minimizes the total transmit energy

subject to a maximum travel delay constraint. Several eigenvalue-based detection (EBD)

procedures have also been proposed (for random signals detection) due to their computational

simplicity, robustness, and performance [4, 5, 6, 7, 8, 9, 10, 11, 12, 13]. Moreover, there are

several low-power and sleep strategies for reducing energy costs associated with sensing and

communication in WSNs [14, 15, 16, 17, 18, 19, 20].

However, the focus of this research is on statistical information processing perspective

to reduce communication and data processing costs. Specifically, it is interested in the ordered

transmissions scheme proposed in [21] and the EBD strategies proposed in [4,5,6,7,8,9,10,

11, 12, 13].

The objectives of this research are thus twofold. First, it focuses on devising an energy-

efficient strategy to reduce the number of sensor transmissions required for the detection of

known deterministic signals. Second, it investigates EBD strategies when the observed signal

is modeled as a random process.

1.2. Major Contributions

First, this work considers a known deterministic signal observed by a network of sensors

under the NP paradigm and developed an analytical strategy for ranking sensor transmissions

based on their test statistics. The devised strategy is based on the ordered transmissions

scheme of [21] but makes use of a different statistic. The benefit of these strategies is

that in certain scenarios, the decision to transmit or not transmit to the FC can be made

at the sensor level, resulting in significant savings in transmission costs. Additionally, the

transmitted test statistics approximate the signal-to-noise ratios (SNRs) and thus could be
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utilized for further analysis of the network characteristics. An upper bound on the number

of sensor transmissions saved is derived. The obtained result complements the lower bound

derived in [21].

Second, the detection of a random signal observed by a network of sensors is consid-

ered. When the signal is assumed uncorrelated, ED is known to be the optimal detector [22].

When the signal is correlated, several researchers claim that the performance of ED is sub-

optimal to the performance of strategies such as the maximum eigenvalue detection (MED),

the eigenvalue ratio detection (ERD), and the energy with minimum eigenvalue detection

(EMED) [4, 5, 6]. However, such claims fail to take into account the fact that when the

signal is correlated, the optimal detector is EC. In this dissertation, first, through theoretical

analyses, the detection performances of EBD strategies are evaluated. Then, through Monte

Carlo simulations, the performances of EBD strategies are compared to the performances of

ED and EC. The primary contribution here is a thorough analysis and comparison of EBD

strategies with the classical ED and EC. On one hand, the obtained results demonstrate that

contrary to the claims made in the literature, EBD strategies are suboptimal compared to EC

(and even ED) when sensor observations are correlated. On the other hand, to complement

the work in the literature, this work also demonstrates that EBD strategies are suboptimal

to ED when sensor observations are assumed uncorrelated.

1.3. Organization of the Dissertation

This dissertation is organized as follows. Chapter 1: Introduction. Chapter 2 provides

a summary of related works in the area of signal processing based data reduction strategies and

discusses eigenvalue based-detection strategies. Chapter 3 discusses the statistical ranking of

sensor observations for centralized detection with distributed sensors. This strategy is then

employed in a detection and estimation application as described in Chapter 4. Chapter 5

describes EBD strategies and compares their detection performance to the performance of

the classical ED and EC. Finally, the concluding remarks are provided in Chapter 6.
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CHAPTER 2

LITERATURE REVIEW

2.1. Energy Efficient Detection and Estimation Strategies

Several strategies for data reduction and energy efficiency in wireless sensor networks

(WSNs) have been proposed in the literature. For example, a strategy for distributed target

detection based on a “censoring” or “send/no-send” idea is proposed in [23]. In their ap-

proach, the sensors are assumed to “censor” their observations so that each sensor sends to

the fusion center (FC) only “informative” observations, and leaves those deemed “uninfor-

mative” untransmitted. Therefore, to minimize the probability of error, a sensor will transmit

if and only if the likelihood ratio of its observations falls in a certain region. Specifically, each

sensor i is assigned an associated observation space partition: a send region Ri and a no-send

region Ri . The decision problem at hand is reduced to a binary hypothesis testing problem

with N independent sensors and a FC. After collecting information from the transmitting sen-

sors, the FC begins a decision fusion in order to decide between the null H0 (signal absent)

and the alternate H1 (signal present) hypotheses.

The authors in [24] introduced a similar detection approach where only the sensors

that are polled by a mobile agent (this could be a mobile FC) transmit their local decision.

The sensors and the mobile agent are assumed to perform Wald’s sequential probability ratio

tests to obtain the local decision and the global decision respectively. The sensor nodes are

further assumed to be in sleep mode until polled by the mobile agent. This reduces the

energy consumption at each node since the transceiver unit is inactive. In fact, according

to their scheme, the main source of energy consumption arises from the transmission of the

local decision. Although the final decision time may be increased, their system offers several

benefits such as the reduction of the total error probability.

The problem of energy efficient estimation of an unknown scalar parameter in Gaussian
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noise is studied in [25]. The authors proposed a new approach to obtain a good approximation

to the traditional maximum likelihood (ML) estimate while saving energy by reducing the

number of sensor transmissions. Their approach orders sensor transmissions according to the

magnitude of their measurements. The sensors with high magnitude measurements, greater

than a certain threshold, transmit and those with small magnitude measurements do not

transmit.

A similar method is proposed by the authors in [21]. In their approach, sensor trans-

missions are ordered according to the magnitude of their log-likelihood ratio and halted when

sufficient evidence is accumulated for one hypothesis or the other. In fact, sensor i will

transmit after a time proportional to the inverse of its log-likelihood ratio (1/ |ln(Li)|). Thus,

the most informative sensors transmit first. The authors demonstrated that their approach

requires on average fewer sensor transmissions than the optimum unconstrained energy ap-

proach while achieving the same error probability. Additionally, they derived a lower bound

on the average number of transmissions saved. Based on the classical Bayesian approach,

this method assumes, however, knowledge of the a priori probabilities of the respective hy-

potheses. This is not possible in applications of interest in this work such as sonar and radar.

The ordered transmission framework proposed in [21] has since been investigated by several

researchers [26, 27, 28, 27, 29, 30, 31].

In general, one of the main challenges faced by data reduction strategies is to find the

subset of significant observations before they are transmitted to the FC. This is possible in

scenarios where sensor observations are assumed uncorrelated since each sensor can decide

on the value of its observations independently. However, when the observations from across

the sensors are correlated, intra-sensor communication may be necessary in order to make

such decisions. In any case, if a sensor knows the value of its observation relative to those

of other sensors in the network, it can decide whether to transmit or not to transmit. This

will help in reducing communication costs significantly.
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Although many existing data reduction strategies aim to reduce the amount of data

transmitted by sensors, they tend to consider sensor measurements to be equally accurate

and important. In real-time accurate object tracking, however, sensors that are closer to the

target or with high signal-to-noise ratio (SNR) have better local observations that contribute

more to the global decision at the FC. In fact, the authors in [32] realized that in conventional

cluster routing protocols, it is not necessary to involve all the sensors due to the redundancy

characteristic of the information they acquire. They proposed a local SNR aided sensor

selecting (LSAS) algorithm where only the sensors with higher local SNR are selected to

transmit their data. The results obtained suggest that LSAS consumes about 30%-50% less

energy than the unconstrained energy method.

Despite the benefits (energy efficiency) introduced by censoring schemes, there are

potential problems that need to be discussed and assessed. For example, on the one hand,

one could ask: how do we know if a sensor is not transmitting any information because it

may be actually dead? There are also the problems of synchronization and delay. In fact,

in order for a sensor to transmit its data at the “appropriate time,” the network must be

synchronized. On the other hand, the ordering of sensor transmissions introduces some type

of delay in the network since some sensors are required to wait for a certain period of time

prior to communicating their observations to the FC.

In this work, it is assumed that the network is synchronized and there is a monitoring

process in place to check the health of each sensor in the network.

2.2. Eigenvalue-based Detection Strategies

The detection of random signals in noisy measurements is a problem of interest that

has been studied extensively in several scientific applications. Recently, sample eigenvalue-

based detection (EBD) techniques have received attention due their computational simplicity,

their robustness, and their performance, which in some cases is found to exceed the perfor-

mance of the classical energy detector (ED). They are efficient detection strategies that have
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been primarily introduced for spectrum sensing in cognitive radio and then random signals de-

tection in WSNs [33, 4, 5, 6, 7, 8, 9, 10, 11, 12, 13]. The detection model employed by these

schemes can be summarized in four main steps. First, a centralized unit or FC collects mea-

surements from the different sensors in the network. Second, the sample covariance matrix

is computed based on the collected measurements. Third, an eigenvalue-based test statistic

is computed and then compared to a threshold that is usually obtained by constraining the

probability of false alarm (PFA). Finally, fourth, if the test statistic is greater or equal to the

threshold, then the signal is declared present. Else, the signal is declared absent.

The objective of these detection strategies is to discriminate between H0 and H1. For

that, several methods have been proposed, namely the maximum eigenvalue detection (MED),

the maximum eigenvalue with energy detection (MEED), the maximum-minimum eigenvalue

detection (MMED), the energy with minimum eigenvalue detection (EMED), the eigenvalue

ratio detection (ERD), the maximum eigenvalue to geometric mean detection (MEGMD) and

the arithmetic-geometric-mean eigenvalue detection (AGMED)1 [4,5,6,7,8,9,10,11,12,13].

A focus of this dissertation is on assessing the performance of these detection strate-

gies. Along with ED and EC, EBD strategies can be subdivided into two different categories:

the ones that assume knowledge of the noise power (semi-blind detection) and the ones that

do not assume this knowledge (blind detection)[7]. This work does not differentiate be-

tween these two categories. It focuses solely on assessing the performance of these detection

strategies irrespective of whether they are blind or not. First, the equivalence between the

EBD strategy and the classical ED is revisited. Then, realizations of the test statistics of the

different strategies under H0 and H1 are compared. The performance of each detector will

depend upon how spread the realizations of the test statistics are from each other under the

two hypotheses.

1Note that these strategies may be called differently by different authors.
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The next chapters present and discuss statistical ranking of sensor observations in

detection and estimation applications. This is then followed by the performance evaluation

of EBD strategies and their comparison to ED and EC which serve here as benchmarks.
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CHAPTER 3

STATISTICAL RANKING OF SENSOR OBSERVATIONS FOR CENTRALIZED

DETECTION WITH DISTRIBUTED SENSORS

3.1. Introduction

This chapter investigates data reduction strategies from a signal processing perspec-

tive for the centralized detection of a known deterministic signal observed by a network of

M distributed sensors and a fusion center (FC). An analytical strategy for ranking sensor

transmissions based on the magnitude of their test statistics is developed. The main benefit

of the proposed strategy is that the decision to transmit or not to transmit to the FC can

be made at the sensor level, resulting in significant savings in transmission costs. A bound

on the number of sensor transmissions saved is derived. The results obtained complement

existing results in the literature. Through simulations, the benefits of the proposed strategy

over the unconstrained energy approach are demonstrated under different scenarios.

3.2. Organization

Starting with the description of the Neyman-Pearson (NP) detector, the next section

discusses the centralized detection at the FC, based on the ordered observations received from

the transmitting sensors. The overall approach to detecting a deterministic signal based

on statistically ranked sensor observations is provided in Section 3.3.2.2. This is followed

by Section 3.4, where the performance of the proposed detection strategy is evaluated.

The benefits of statistically ranking sensor observations can be observed from the obtained

simulations results. Finally, Section 3.5 concludes the chapter summarily.

3.3. Centralized Detection

3.3.1. Classical NP Approach

Consider a wireless sensor network (WSN) deployed for a target detection application.

As an elementary illustration, consider the example given in Fig. 3.1 where the target is
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represented by the dot and the sensors by the stars. The following assumptions are made

about the network. The signal of interest is constant over the observation duration. The

time interval between each snapshot is sufficiently long and the nodes are located sufficiently

far away from each other, so that no correlation exists between their observations. The

correlation that may arise from the sensors capturing the same event is also not taken into

account. The observed source signal is known and deterministic. The observations are

corrupted by an additive white Gaussian noise (AWGN) with zero-mean and different known

variances (the nodes are affected by different noise sources). Note that in practice, the noise

variances must be estimated. The estimation of noise characteristics is a well studied problem

in speech and image processing. Procedures have been proposed in [34, 35, 36, 37, 38] and

the references therein to perform a such task. Moreover, the nodes are time synchronized.

This can be achieved by the FC broadcasting a beacon message to all the nodes as in the

receiver-receiver protocol described in [39] or by utilizing a scheme such as the one proposed

in [40].

    Sensors  

    Target 

   monitored region 

Figure 3.1. Example network model for the target detection application.

The detection strategy involves at the local level, transmission of the test statistics to

a FC that will decide whether the target is present. These statistics are transmitted through

11



orthogonal channels to avoid interference. The goal is to develop a data reduction strategy

based on statistical ranking of sensor transmissions, to allow only “informative” sensors to

transmit to the FC. The detection problem at the FC thus consists of deciding between the

two statistical hypotheses H1 (target is present) and H0 (target is absent):

H0 : yi = wi , 1 ≤ i ≤ M

H1 : yi = A+ wi , 1 ≤ i ≤ M.

This is a shift-in-mean problem where A > 0 is the known deterministic signal that is corrupted

by a zero-mean AWGN wi with known variance σ2i and M is the total number of sensors in

the network. It is further assumed that there is no prior knowledge about the probabilities of

the occurrence of H1 and H0.

The NP detector as described in [22] decides H1 if the likelihood ratio L(y) exceeds a

threshold γ as follows

(1) L(y) =
p(y;H1)

p(y;H0)
> γ,

where y = [y1, y2, ..., yM]T is the set of all observations. This is termed a likelihood ratio test

(LRT).

Given

y ∼


N (0,C), under H0

N (A,C), under H1,

where C = diag(σ21, · · · , σ2M), we have

p(y;H1) =
1

(2π)
M
2 det

1
2 (C)

exp

[
−

1

2
(y − A)TC−1 (y − A)

]
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and

p(y;H0) =
1

(2π)
M
2 det

1
2 (C)

exp

[
−

1

2
yTC−1y

]
.

The expression in (1) can then be rewritten as

L(y) =

1

(2π)
M
2 det

1
2 (C)

exp
[
−1
2

(y − A)TC−1 (y − A)
]

1

(2π)
M
2 det

1
2 (C)

exp
[
−1
2
yTC−1y

] > γ.

After some simplifications and taking the logarithm of both sides, we have

−
M∑
i=1

(yi − A)2

2σ2i
+

M∑
i=1

y 2i
2σ2i

> ln γ,

which is further simplified to

M∑
i=1

Ayi
σ2i

> ln γ +

M∑
i=1

A2

2σ2i
= γ ′.

As a result, the FC decides H1 if

(2) T (y) =

M∑
i=1

Ayi
σ2i

> γ ′.

To determine γ ′, the distribution of the test statistic T (y) must be known. We note

here that T (y) is the sum of independent normals Ti = Ayi
σ2i

under each hypothesis. It is

therefore normally distributed as follows

T (y) ∼


N (0,

∑M
i=1

A2

σ2i
) under H0

N (
∑M

i=1
A2

σ2i
,
∑M

i=1
A2

σ2i
) under H1.

We could then determine γ ′ from the constraint on the probability of false alarm (PFA)

defined as
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PFA = Pr {T (y) > γ ′;H0}

= Q

 γ ′√∑M
i=1

A2

σ2i

 .(3)

As a result, the threshold is obtained as

(4) γ ′ =

√√√√ M∑
i=1

A2

σ2i
Q−1 (PFA) .

In (3) and (4), Q(x) represents the probability that a normalized Gaussian random variable

will be larger than x , and Q−1(·) is its inverse.

The overall approach to centralized detection under the classical NP paradigm is

summarized in Fig. 3.2.

Sensor 1 Sensor 2 Sensor M … … 

Individual Test Statistics (𝑇𝑖) 

Signal Source/Target 

Observations 

Fusion Center 
 

𝑇 𝒚 =  𝑇𝑖

𝑀

𝑖=1

 
> 𝛾′ → decide 𝐻1
≤ 𝛾′ → decide 𝐻0

 

Figure 3.2. Block diagram representation of the classical centralized detection

framework.
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3.3.2. Statistical Ranking Approach

3.3.2.1. Local Measurements

Each sensor may make a set of measurements xi = [xi [0], xi [1], · · · , xi [N−1]]T , where

N is the total number of observations. After all the N measurements acquired, each sensor

computes its test statistic Ti = Ayi
σ2i

, where yi = 1
N

∑N−1
n=0 xi [n], and sends it to the FC for a

global decision.

3.3.2.2. Global Decision

The goal of the FC is to distinguish between H1 and H0 with k ≤ M sensor transmis-

sions. For that, a sequential test with ranked sensor test statistics is performed. According

to the ordered transmissions scheme of [21], we have
∣∣T(1)∣∣ ≥ ∣∣T(2)∣∣ ≥ · · · ≥ ∣∣T(M)∣∣1. Hence,

the larger the magnitude of the individual test statistic Ti , the greater the contribution of

sensor i to the global test statistic T (y). The sensors compute their test statistic at the

same time but only send the result after a delay Di = c/ |Ti |, where c is a known normalizing

constant. As a result, the sensors with large test statistic magnitudes will transmit first.

When the i th test statistic T(i) is received at the FC, there are M − i sensors that

have not transmitted yet. The cumulative sum Si of the received test statistics and Ri of

the remaining M − i test statistics can be expressed as shown in (5) and (6) respectively

(5) Si =

i∑
j=1

T(j) = Si−1 + T(i),

(6) Ri =

M∑
j=i+1

T(j),

1For a sample of observations T1, T2, · · · , TM , the ordered observations are represented by T(1), T(2), · · · , T(M).
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with T(j) =
Ayj
σ2j

, i = 1, 2, ..., M and S0 = 0.

In an unconstrained energy scenario, the FC collects all the individual test statistics,

computes T (y) and compares the result to γ ′ in order to make a decision. This work is

interested in making this decision with the least number of sensor transmissions in order

to save the limited resources that the network depends on. Based on the ordering scheme

employed, T (y) can be bounded using

(7) Si − (M − i)
∣∣T(i)∣∣ ≤ T (y) = Si + Ri ≤ Si + (M − i)

∣∣T(i)∣∣ .
For the FC to declare H1 or H0 after collecting all the test statistics, T (y) must be

greater or less than γ ′ respectively. Hence, at any instant during the collection of the test

statistics, if Si − (M − i)
∣∣T(i)∣∣ ≥ γ ′, the FC can declare H1 and halt further transmissions.

Similarly, if Si + (M − i)
∣∣T(i)∣∣ < γ ′, the FC declares H0 and halts further transmissions.

The stopping rule for determining both H0 and H1 can then be summarized as follows:

• Si ≥ γ ′ + (M − i)
∣∣T(i)∣∣ = tu(i): accept H1 and terminate the current test;

• Si < γ ′ − (M − i)
∣∣T(i)∣∣ = tl(i): accept H0 and terminate the current test.

The overall approach to statistically ranking sensors observations can be summarized

in the following steps:

(1) Each sensor collects a set of measurements and estimates yi .

(2) Each sensor computes its test statistic Ti = Ayi
σ2i

.

(3) Each sensor then computes Di = c/ |Ti |, where c is a normalizing constant pre-

computed and communicated to all sensors.

(4) After a time period equal to Di , sensor i will transmit T(i) to the FC. As a result,

the sensors with the highest magnitude test statistic will transmit first.

(5) Upon receiving the test statistics, the FC computes the cumulative sum Si and uses

16



the stopping criteria described above to make a decision regarding the presence or

absence of the target.

(6) Finally, once one of the stopping criteria is satisfied, it broadcasts a message to halt

further transmissions.

Note that the value of the constant c can be chosen such that the overall transmission

delay caused by the ordering of sensor transmissions can be as small as possible, based on

the application at hand. Fig. 3.3 provides an abstract illustration of this strategy.

Sensor (1) Sensor (2) Sensor (M) … … 

Individual Ordered Test Statistics (𝑇(𝑖)) 

Signal Source/Target 

Observations 

Fusion Center 
𝑘 ≤ 𝑀 

𝑆𝑘 =  𝑇(𝑖)

𝑘

𝑖=1

 
≥ 𝑡𝑢(𝑘)  → decide 𝐻1
< 𝑡𝑙 𝑘   → decide 𝐻0

 

Figure 3.3. Block diagram representation of the centralized detection based

on statistical ranking.

In the next section, the benefits of the proposed strategy are illustrated. Different

experiments are conducted and the obtained results are presented.

3.4. Performance Evaluation

The proposed strategy will stop transmissions once one of the stopping criteria is

satisfied. Under H1, the probability that only k ≤ M sensor transmissions is required for

detection is defined as shown in (8).
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(8) P r {k} = P r {Sk ≥ tu(k), Sk−1 < tu(k − 1), · · · , S1 < tu(1)}

This, however, requires the knowledge of

P r {Si ≥ tu(i)} =

∫ ∞
tu(i)

f (Si) dSi

and

(9) P r {Si < tl(i)} =

∫ tl (i)

−∞
f (Si) dSi ,

where f (Si) denotes the probability density function (PDF) associated with the sum of i

dependent test statistics
(∑i

j=1 T(j)

)
. Due to the ordering of the test statistics, there is no

closed form expression to this PDF. In fact, f (Si) is the distribution of a linear combination

of ordered normal statistics with the same mean and different variances, which to the best

of knowledge does not have a closed form. The problem becomes even more complex due to

the fact that the thresholds used to make a decision under the ranking strategy depend on

the last transmitted test statistic which is a random variable.

To declare H1 after k sensor transmissions,

(10)

k∑
i=1

T(i) ≥

√√√√ M∑
i=1

A2

σ2i
Q−1 (PFA) + (M − k)

∣∣T(k)∣∣
or

(11)

k∑
i=1

∣∣T(i)∣∣+ k
∣∣T(k)∣∣−M ∣∣T(k)∣∣ ≥

√√√√ M∑
i=1

A2

σ2i
Q−1 (PFA) .

Let us refer to the largest and smallest test statistics after ranking as Tmax and Tmin
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respectively. Equation (11) can be rewritten as

(12) 2k |Tmax | −M |Tmin| ≥

√√√√ M∑
i=1

A2

σ2i
Q−1 (PFA) ,

which is then simplified to

(13) k ≥

√∑M
i=1

A2

σ2i
Q−1 (PFA) +M |Tmin|

2 |Tmax |
.

Assuming Ns represents the number of sensor transmissions saved and using the fact

that k = M − Ns , (13) is rewritten as

(14) Ns ≤ M −

√∑M
i=1

A2

σ2i
Q−1 (PFA) +M |Tmin|

2 |Tmax |
.

The bound on the number of sensor transmissions saved which depends on several

factors can be obtained in a similar fashion under H0. Since Tmax and Tmin are two random

variables, this bound is also a random variable. Deriving the expected value for this bound

requires the knowledge of the distribution of these random variables, for which closed form

expressions are not known. Hence, several simulations are conducted to obtain this bound

empirically. The values of the parameters used for simulations are chosen while considering

the application of interest. For example, typical values of PFA in radar systems are no higher

than 10−3 [41]. PFA = 10−2 is used in some of the simulations just to show that the

probability of detection increases as the probability of false alarm increases.

This upper bound is plotted as a function of the number of sensors M for different

values of the signal level A and for PFA = 10−3 in Fig. 3.4. The sensor observations are as-

sumed to be corrupted by AWGN having the same mean (0) but different variances (randomly
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selected between 0.4 and 1).
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Figure 3.4. Upper bound on the average number of sensor transmissions saved

(Ns) over the unconstrained energy approach.

Fig. 3.4 suggests that the number of sensor transmissions saved increases with the

increase in signal level. For example, when A = 0.5, the bound is 60 and when A = 1, the

bound is 70. For values of A that are larger than 5 (A ≥ 5), the bound asymptotically reaches

90. It can also be observed that varying PFA does not have significant effects on the value

of the bound.

The benefits of the proposed strategy are demonstrated through further simulations.

A network of 30, 50, 70, and 100 nodes and a FC is simulated. The observed deterministic

signal A is assumed to be the same for all the sensors, and has a value of 1. Fig. 3.5

shows the simulation results under H1 for the different networks and for different desired

PFA at the FC. For the network of 30 nodes and a FC, the results of Fig. 3.5(a) show

that the average number of sensors transmissions required to make a decision is 16, 17 and

18 when PFA = 10−2, 10−3, and 10−4 respectively. However, with these numbers of sensor

transmissions, the chances of making the correct decision is 50%. For a 100% decision
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accurracy, 20, 23, and 26 sensors transmissions are required when PFA = 10−2, 10−3, and 10−4

respectively. Similar observations can be made about the results of Fig. 3.5 (b), (c) and (d).
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(a) M = 30
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(b) M = 50
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(c) M = 70
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(d) M = 100

Figure 3.5. Detection performance of the statistical ranking strategy at the

FC under hypothesis H1 for (a) M = 30, (b) M = 50, (c) M = 70, (d) M =

100.

In general, as the number of sensors in the network increases, the percentage of sensor

transmissions used to attain a probability of detection of 1 decreases. This can be observed

from the results of Fig. 3.6(a) where for a network of 30 nodes, 88% of sensor transmissions

is utilized for a 100% decision accuracy when PFA = 10−4. This number decreases to 57%
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when the total number of sensors in the network is 100. The corresponding percentages of

sensor transmissions saved over the unconstrained energy approach are 12% and 43%.
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(b) 98%
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(c) 90%
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Figure 3.6. Percentage of sensors used for (a) 100%, (b) 98%, (c) 90%, and

(d) 50% decision accuracy at the FC under hypothesis H1.

In applications where a 100% decision accuracy is not required, the percentage of

sensor transmissions saved increases significantly. For example, for the FC to make the right

decision only half of the time, the percentages of sensor transmissions saved for a network

of 30 and 100 nodes when PFA = 10−4 are 42% and 51% respectively. As a result, there are

30% and 8% increases in the number of sensor transmissions saved for these two networks
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respectively.

It is to be noted that in general, when conducting hypothesis testing, the null hy-

pothesis H0 is assumed true until it is rejected when the collected data provides sufficient

evidence that it is not. As a result the null hypothesis is rejected. Failing to reject H0 is

not synonymous with H0 being true or “accept the null hypothesis”. Some articles such as

[42, 43, 44] provide a thorough explanation of this malpractice.

In this work, a sequential test is performed every time a transmission is received at the

FC until one of the aforementioned criteria is satisfied. In a situation where the test fails to

reject the null hypothesis, the objective is to decide on when to halt further transmissions and

conclude that H0 is most likely the outcome of the test (i.e., there is not enough evidence

to reject H0).

The results of Fig. 3.7 and Fig. 3.8 show that depending on how accurate we would

like to be in making this decision, sensor transmissions could be saved. For example, for

M = 30, Fig. 3.7(a) shows that for PFA = 10−4, Pr{Si < tl(i)} = 1 only after the 26th

sensor transmission. In this case, 4 sensor transmissions were preserved. For PFA = 10−2,

Pr{Si < tl(i)} does not reach a value of 1. The higher the values of PFA, the higher the

number of transmissions required for Pr{Si < tl(i)} = 1. This can be observed from the

results of Fig. 3.7.

Fig. 3.8(a) further shows that for PFA = 0.01 and for a 98% accuracy in “making a

decision” under H0, 82% of sensor transmissions is used when the network size is 30. For the

same percentage of accuracy, this number is increased to 86% for a network of 100 nodes.

Fig. 3.8(b) on the other hand shows that for the same probalitity of false alarm, only 45%

and 58% of sensors is utilized in a network of 30 nodes and 100 nodes respectively.

The unconstrained energy approach requires transmissions from all the sensors in

each network in order to decide between H1 and H0. The obtained results show that with the

ranking strategy, this decision can be made with fewer sensor transmissions while observing
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a high probability of detection. In fact, due to the ranking of sensor transmissions, the

upper bound of the global test statistic is predictable at each instant. Thus, once the global

test statistic after the i th transmission is greater or equal to tu(i) or less than tl(i), the

FC can declare the target present or absent respectively. On average, the percentage of

sensor transmissions saved for a 100% accuracy in decision under hypothesis H1 is 45%.

This number increases to 52% when only 50% accuracy is required.
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(b) M = 50

0 10 20 30 40 50 60 70
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

No. of sensor nodes used to decide H0 given H0

P
r 

{S
i <

 t l(i)
}

 

 

PFA= 0.0001

PFA= 0.001

PFA= 0.01

(c) M = 70
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Figure 3.7. Detection performance of the statistical ranking strategy at the

FC under hypothesis H0 for (a) M = 30, (b) M = 50, (c) M = 70, and (d) M

= 100.
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Figure 3.8. Percentage of sensors used for (a) 98% and (b) 50% decision

accuracy at the FC under hypothesis H0.

The results of Fig. 3.4 were obtained after 104 Monte Carlo realizations and those of

Fig. 3.5, Fig. 3.6, Fig. 3.7, and Fig. 3.8 were obtained after 106 realizations.

3.5. Conclusions

This chapter discusses a data reduction strategy based on statistical ranking of sensor

transmissions in a centralized detection application. Based on the proposed protocol in which

sensor transmissions are ordered according to the magnitude of their test statistics, each

sensor can determine if and when to transmit its information to the FC. As a result, sensors

with the highest magnitude test statistics transmit first while the ones with small magnitude

test statistics are blocked from transmission by the FC.

The obtained results demonstrate that the proposed strategy saves significant trans-

mission costs and thus preserves limited resources that the network operates on. It has been

shown through simulations that the proposed ranking strategy, under certain scenarios, can

save more than 50% of sensor transmissions when compared to the unconstrained energy

approach. Theoretically, this chapter shows that finding a tight bound on the number of

sensor transmissions required to make a decision is subject to determining the distribution of
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a linear combination of normal order statistics with the same mean and different variances.
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CHAPTER 4

STATISTICAL RANKING OF SENSOR OBSERVATIONS IN CENTRALIZED

DETECTION AND ESTIMATION APPLICATIONS

4.1. Introduction

The present chapter provides an extension to Chapter 3. It discusses the benefits

of statistical ranking of sensor observations in a detection and estimation application. It

considers a single target detection and its location estimation application. The goal of the

fusion center (FC) here is to first decide whether a target is being detected by the sensors in

the network. If a target is detected, further processing is undertaken to estimate its location

based on bearing measurements received from the sensors that have transmitted. Although

the estimation problem of interest here has been addressed by several authors ([45, 46] just

to cite a few), this chapter approaches it from a different viewpoint. The focus here is to

apply the statistical ranking strategy in a location estimation application.

For this problem of detection and then estimation, the sensors are assumed to transmit

a packet containing their test statistic and the measurement of the direction or position of

the object of interest. The transmission of these packets is assumed ordered according to the

magnitude of the individual test statistic. As a result, the sensor with the highest magnitude

test statistic will transmit first.

Upon receiving these packets, the FC first computes the global test statistic to de-

termine whether an object is present in the network. This is a sequential binary hypothesis

testing that is performed by comparing the global test statistic to a threshold. If the statistic

is greater or equal to the threshold, the object is declared present (H1) and further trans-

missions are halted. Else, the object is declared absent (H0) and further transmissions are

halted as well. If the object is detected, the bearing measurements of the sensors that have

transmitted are then utilized to estimate the object’s location. For this purpose, the FC is
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assumed to utilize the maximum likelihood (ML) localization algorithm. Section 4.5 provides

more details on this algorithm.

4.2. Organization

First, Section 4.3 discusses the centralized target detection based on statistical rank-

ing of the test statistics. The results of the performance evaluation of this strategy are

then presented in Section 4.4. This is followed by Section 4.5 where the location estimation

problem is discussed. It presents the network model utilized and discusses how the bearing

angle is computed through (20). The ML localization algorithm used to estimate the lo-

cation of the target is given by (22). Next, Section 4.6 evaluates the performance of the

proposed estimation strategy, which is compared to the centralized strategy that utilizes all

M observations in order to estimate the location of the target. The benefits of introducing

the ranking strategy in estimation applications can be observed by the results of Fig. 4.7.

Finally, Section 4.7 concludes this chapter by providing a brief summary of the main results.

4.3. Centralized Detection Based on Statistical Ranking

   Sensor’s location 

   Object’s location 

   monitored region 

Figure 4.1. Example network model for the target detection application.

Consider a centralized detection and estimation problem with M distributed sensors

in a network deployed for a typical application involving a target detection and it’s loca-
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tion estimation. The following assumptions are made. The network is time synchronized.

The sensors constituting the network are heterogeneous, stationary, and at communication

distances from the FC. These sensors communicate through M orthogonal communication

channels in order to avoid any interference between their transmissions. The sensors are

located sufficiently far away from each other so that there is no spatial correlation among

their observations. The target being monitored is mobile and is moving slowly through a

random path in the network. The signal of interest is known, constant over the observation

duration, and different at each node. As such, there is also no correlation from observing the

same target. Each sensor measurement is corrupted by a zero-mean additive white Gaussian

noise (AWGN) with a known variance. There is no prior knowledge about the probabilities of

occurrence of H1 and H0. Moreover, the network is similar to the one depicted in Fig. 4.1

where the stars represent the sensors and each dot represents a plausible location of the

target.

At each snapshot, the objective of the network is to decide whether a target is present,

and to estimate its position. The goal is to first design an efficient detector at the FC that

will make use of a few number of sensor transmissions to decide between the two statistical

hypotheses H1 (target is present) and H0 (target is absent):

H0 : yi = wi , 1 ≤ i ≤ M

(15) H1 : yi = Ai + wi , 1 ≤ i ≤ M.

The detection problem here is similar to the one presented in Chapter 3 except that

the observed deterministic signal Ai = hiA at each node is different as it is affected by some

known factor hi (0 ≤ hi ≤ 1). The values of hi depend, for example, on the distances between

the monitored object and the measuring sensors. A > 0 is a known deterministic signal. Each

sensor measurement is corrupted by AWGN wi with known variance σ2i .
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The detection process involves at the local/sensor level, transmission of test statistics

to the FC where a likelihood ratio test (LRT) is performed to decide on the presence or

absence of the target. For instance, the FC decides H1 if the likelihood ratio L(y) exceeds a

threshold γ as shown in (16) [22].

(16) L(y) =
p(y;H1)

p(y;H0)
> γ,

where y = [y1, y2, ..., yM]T .

Starting from (16), and after some simplifications, the FC decides H1 if

(17) T (y) =

M∑
i=1

Aiyi
σ2i

> γ ′.

In (17),

(18) γ ′ =

√√√√ M∑
i=1

A2i
σ2i
Q−1 (PFA) ,

with PFA the probability of false alarm, and Q(x) the probability that a normalized Gaussian

random variable will be larger than x , and Q−1(·) is its inverse.

The overall approach to ranking sensor test statistics and making decision with k ≤ M

sensor transmissions is the same as the approach describes in Chapter 3. It is thus not

discussed here. The next section presents the detection performance of the ranking strategy

for the considered scenario.

4.4. Performance Evaluation of the Detection Strategy

To determine the detection performance and the number k of sensor transmissions

required for detection, the distribution of the test statistic Sk =
∑k

i=1 T(i) under both hy-
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potheses must be known. However, due to the ordering of the test statistics, there is no

closed-form expression to such distribution. In fact, the distribution of interest here is the

distribution of the sum of the largest k out of M normal random variables with different

means and variances.

As a result, to find a bound on k or equivalently the number of saved transmissions

Ns = M − k , the procedure described in Chapter 3 is utilized. The bound is then obtained as

(19) Ns ≤ M −

√∑M
i=1

A2i
σ2i
Q−1 (PFA) +M |Tmin|

2 |Tmax |
,

where Tmax and Tmin represent the largest and the smallest statistic respectively. Several

experiments were conducted and the obtained results are presented in the figures below.

First, the upper bound is plotted as a function of the number of sensors M for different

values of A and for PFA = 10−3 in Fig. 4.2.
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Figure 4.2. Upper bound on the average number of sensor transmissions saved

(Ns) over the unconstrained energy approach.
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To generate these results, the sensor network model of Fig. 4.5 was considered. The

values of the factor hi were obtained as the inverse of the distance between the target and

the sensors. Assuming that the side of each square on the lattice of Fig. 4.5 has a length

of 1, the different values of hi are obtained as
[

1,
√
2
2
, 1
2
,
√
5
5
, 1
3
,
√
2
4
,
√
10
10
,
√
13
13
,
√
2
6

]
. Thus, at

each snapshot, the values of hi are randomly selected from the previously defined array. For

example, if the target is at position P1, the distance separating it from sensor S1 is
√

2. As

a result, h1 =
√
2
2

and A1 = h1A. Moreover, the sensor observations are corrupted by AWGN

having the same mean (0) but different variances (randomly selected between 0.4 and 1).

The upper bound on the number of sensors transmission saved is shown in Fig. 4.2

for various values of the signal level A. The value of the bound increases as the signal level

increases. For example, when A = 0.5, the bound is approximately 60 and when A = 1, the

bound is slightly greater than 70. For higher values of A (A ≥ 5), the bound reaches 96. It

is worth noting that varying the value of PFA does not have significant effect on the values

of the bound.

While considering the same setup, next, a network of 30, 50, 70, and 100 nodes and a

FC is simulated. The observed deterministic signal A is assumed to have a value of 1. Fig. 4.3

shows the simulation results under H1 for each of the network considered and for different

desired PFA at the FC. Each sensor collects a set of N = 10 measurements to compute yi

and the test statistic Ti = Aiyi
σ2i

. Note that if N measurements are collected by the sensors,

the global statistic at the FC will be Gaussian distributed with mean and variance
∑M

i=1

NA2i
σ2i

under H1. The variance remains the same under H0 and the mean becomes 0. As a result,

the threshold γ ′ becomes

√∑M
i=1

NA2i
σ2i
Q−1 (PFA).

For the network of 30 nodes and a FC, the results show that the proposed ranking

strategy requires a little more than half of sensor transmissions for Pr{Si ≥ tu(i) = 1} when

PFA = 10−2 and 10−3. This number is increased to approximately 17 when PFA = 10−4. When

the number of nodes in the network is increased to 100, the number of sensors transmissions
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required for Pr{Si ≥ tu(i) = 1} reduces significantly. For example, Pr{Si ≥ tu(i) = 1} with

only 38 sensors transmissions for the different PFA considered.
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(b) M = 50
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(c) M = 70

0 10 20 30 40 50 60 70 80 90 100
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

No. of sensor nodes used to decide H1 given H1

P
r 

{S
i ≥

 t u(i)
}

 

 

PFA= 0.0001

PFA= 0.001

PFA= 0.01

(d) M = 100

Figure 4.3. Detection performance of the statistical ranking strategy at the

FC under hypothesis H1 for (a) M = 30, (b) M = 50, (c) M = 70, and (d) M

= 100.

In target detection for military applications, the FC must make a decision with a

100% accuracy. However, in applications where a 100% accuracy in decision is not required,

additional sensor transmissions could be preserved. This is shown in Fig. 4.4 where the

percentages of sensors used for a decision accuracy of 100%, 98%, 90%, and 50% are
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plotted against the total number of sensors in each network.

30 40 50 60 70 80 90 100

0.35

0.4

0.45

0.5

0.55

0.6

Total number of sensors

P
er

ce
nt

ag
e 

of
 s

en
so

rs
 u

se
d

 

 
PFA= 0.01

PFA= 0.001

PFA= 0.0001

(a) 100%

30 40 50 60 70 80 90 100
0.32

0.34

0.36

0.38

0.4

0.42

0.44

0.46

0.48

0.5

0.52

Total number of sensors

P
er

ce
nt

ag
e 

of
 s

en
so

rs
 u

se
d

 

 
PFA= 0.01

PFA= 0.001

PFA= 0.0001

(b) 98%
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(c) 90%
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Figure 4.4. Percentage of sensors used for (a) 100%, (b) 98%, (c) 90%, and

(d) 50% decision accuracy at the FC under hypothesis H1.

For a decision accuracy of 100% and PFA = 10−4 the network of 30 nodes utilized

only 57% of sensors. Whereas for the same decision accuracy, the network of 100 nodes

required only 38% of transmissions. A gain of 19% is thus observed by the increase of the

number of sensors from 30 to 100.

On the other hand, when only 50% accuracy is required for the same probability of

false alarm, roughly 44% of sensors were utilized for the network of 30 nodes. For the network

34



of 100 nodes, 31% of sensor transmissions were used. As a result, 13% and 7% of sensor

transmissions were saved respectively for the networks of 30 and 100 nodes.

Only the results obtained under H1 are presented here since the location of the target

will only be estimated in that case. The estimation process is described in the next section.

4.5. Centralized Estimation Based on Statistical Ranking

In order to validate the approach to location estimation, a scenario of real-time object

tracking for vehicle tracking and surveillance application is considered. The object tracking

scenario uses the simple network model illustrated in Fig. 4.5. The sensor nodes are repre-

sented by the stars distributed in the observation region and the dots represent the plausible

object locations. The target is assumed stationary or to be moving slowly from one location

to the other.

   Sensor’s location 

   Object’s location 

P1 P2 P3 P4 P5 

P6 

P7 

P8 

P13 P12 P11 P10 P9 

P16 

P15 

P14 

S1 S4 S7 

S2 S5 S8 

S3 S6 S9 

Figure 4.5. Network model for the object tracking application.

Bearing measurements from the sensors with highest magnitude test statistics are

utilized to estimate the position of the object. In fact, for a sensor’s bearing measurement to

be considered valuable in the estimation process, two requirements must be satisfied: first,

the sensor has to detect the object and second, it has to have a test statistic with a high

magnitude. It is worth noting that sensors with high magnitude test statistics usually have

35



measurements that are less affected by noise. Thus, the sensors with measurements that

are highly corrupted by noise, are generally the ones prevented from transmitting under the

ordered transmission scheme employed. Their contribution to the estimation process can in

fact be qualified as “negative”.

The objective of the FC after the detection of the target is to estimate its position

at any time t by utilizing the bearing measurements from the set of sensors that have trans-

mitted. Fig. 4.6, obtained from [47], illustrates the position of an object relative to a sensor

node.

Py(t) 

Sy(i) 

Sx(i) Px(t) 

ϴi(P(t)) 

P(t) 

x 

y 

S(i) 

Figure 4.6. Object bearing relative to a sensor node.

The location of the object at time t is P (t) = [Px(t), Py(t)]T and the location of the

i th sensor is S(i) = [Sx(i), Sy(i)]T . The true bearing angle θi(P (t)) (as shown in Fig. 4.6)

at any instant t can be computed as

(20) θi(P (t)) = arctan

(
Py(t)− Sy(i)

Px(t)− Sx(i)

)
.

If the decision at the FC after the detection phase is H1, the bearing measurements

of the sensors that have transmitted are used to estimate the position of the target. The

bearing measurement received from the i th sensor is defined as
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(21) θ̃i = θi(P (t)) + ni(t), ni(t) ∼ N (0, σ2i ),

where i = 1, ...,M (M the total number of sensors in the network) and ni(t) is the AWGN

with variance σ2i (ni(t) = wi). The FC is assumed to use ML localization algorithm which is

formulated as

(22) P̂ (t) = argminP (t)

k∑
i=1

(
1

σ2i

∣∣∣θ̃i − θi(P (t))
∣∣∣2) ,

where P̂ (t) =
{
P̂x(t), P̂y(t)

}
is the estimate of the target location at time t, θ̃i is the

noisy bearing measurement of sensor i , θi(P (t)) is its corresponding hypothesized bearing

computed from (20), and k is the number of sensors that transmitted. A duty-cycling method

is employed in [47], in order to reduce the number of sensors transmissions in the network.

In their approach, the sensors that are awake at each snapshot are randomly selected. This

technique will be referred to as the No Ranking approach. At any time t, due to random wake

up schedules, there are k(0 ≤ k ≤ M) awake sensor nodes providing k bearing measurements.

This however introduces a delay in the network and developing an optimum scheduling policy

for sensors activation is very complicated [25]. In our simplified approach, only the sensors

with a high test statistics will send their measurements to the FC. This will eliminate the

need for considering delays due to duty-cycling or to develop a complex scheduling system

that required a number k ≥ 2 of active sensors at any instant t. Note, however, that each

sensor transmission under the ranking strategy is also delayed based on the magnitude of its

test statistic. This delay can, however, be significantly reduced by a proper selection of the

normalizing constant c (refer to Chapter 3).

The described network is simulated and the proposed strategy is compared to the No

Ranking method described in [47].
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The overall approach to detection and estimation based on statistically ranking of

sensor test statistics can be summarized as follows:

(1) Each sensor collects a set of N measurements and estimates yi .

(2) Each sensor computes its test statistic Ti = Aiyi
σ2i

and obtains the bearing measure-

ments of the target location.

(3) Each sensor then computes Di = c/ |Ti |, where c is a normalizing constant known

to all the sensors.

(4) After a time period equal to Di , sensor i will transmit a packet containing T(i) and

the acquired bearing measurement θ̃i to the FC.

(5) Upon receiving the packets, the FC uses the test statistics to compute the cumulative

sum Si and uses the stopping criteria above described to make a decision regarding

the presence or absence of the target. Once one of the stopping criteria is satisfied,

it broadcasts a message to halt further transmissions.

(6) If the presence of the target is ascertained, the bearing measurements of the sensors

that have transmitted are then utilized as described by (22) to estimate the location

of the target.

4.6. Performance Evaluation of the Location Estimation Strategy

Based on the network model of Fig. 4.5, coordinates of the locations of the sensors and

the plausible locations of the target are derived and summarized in Table 4.1 and Table 4.2.

These coordinates were obtained based on the assumption that the underlying grid consists

of unit squares.

Table 4.1. Coordinates of the sensor locations.

S1 S2 S3 S4 S5 S6 S7 S8 S9

Sx 2 2 2 3 3 3 4 4 4

Sy 2 3 4 2 3 4 2 3 4
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Table 4.2. Coordinates of the plausible locations of the target.

P1 P2 P3 P4 P5 P6 P7 P8

Px 1 2 3 4 5 5 5 5

Py 1 1 1 1 1 2 3 4

P9 P10 P11 P12 P13 P14 P15 P16

Px 5 4 3 2 1 1 1 1

Py 5 5 5 5 5 4 3 2

Using these coordinates values, all the possible bearings were computed. The deter-

ministic signal Ai observed by each sensor is the inverse of the distance separating that sensor

from the monitored target. Using (22), the position of the target can then be estimated and

compared to the corresponding hypothesized position P (t). A percentage of error based on

the number of misses (i.e. failed to estimate the correct position) was then computed and

plotted in Fig. 4.7 for 104 Monte Carlo realizations.
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Figure 4.7. Comparison of the estimation error.

Taking into account the comparisons of Fig. 4.7, it can be observed on one hand

that without ranking, the system requires at least 6 sensor transmissions for an error-free

estimation of the location of the target. The proposed strategy, on the other hand, correctly
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estimates the location of the target with only 3 sensor transmissions. In this scenario, the

ranking scheme can save approximately 67% of sensor transmissions whereas the No Ranking

method can only save about 33% of sensor transmissions. As a result, given the network

model of Fig. 4.5, the ranking approach saves approximately 34% more sensor transmissions

than the No Ranking approach. Note that the unconstrained energy approach utilizes all the

sensors in the network to estimate the location of the target.

4.7. Conclusions

This chapter describes a centralized detection and a location estimation application.

It discusses the application of the ordered transmission strategy introduced in Chapter 3 in a

detection and estimation application. Empirically, it shows that the proposed ranking strategy

can save more than 50% of sensor transmissions when compared to the unconstrained energy

approach. For example, for an overall decision accuracy of 100%, the percentage of sensor

transmissions saved is 63.7%.

In location estimation application, the ranking strategy requires approximately 50%

less sensor transmissions while observing a low estimation error when compared to the No

Ranking approach. When compared to the unconstrained energy approach where all the M

sensor transmissions are required, the proposed strategy offers approximately 67% reduction

in commnuication requirements.
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CHAPTER 5

PERFORMANCE EVALUATION OF EIGENVALUE-BASED DETECTION STRATEGIES

IN A SENSOR NETWORK

5.1. Introduction

This chapter evaluates the performance of the eigenvalue-based detection (EBD)

strategies proposed in [4, 5, 6, 7, 8, 9, 10, 11, 12, 13]. Specifically, it compares the detection

performance of the maximum eigenvalue detector (MED), the maximum eigenvalue with en-

ergy detector (MEED), the maximum-minimum eigenvalue detector (MMED), the energy

with minimum eigenvalue detector (EMED), the eigenvalue ratio detector (ERD), the maxi-

mum eigenvalue to geometric mean detector (MEGMD), and the arithmetic-geometric-mean

eigenvalue detector (AGMED) to the performance of the energy detector (ED)1 when the

signal is uncorrelated and to the performance of the estimator-correlator (EC) when the signal

is correlated.

First, the “equivalence” between EBD strategy and the classical Neyman-Pearson

(NP) or ED is revisited. Then, through theoretical analyses and Monte Carlo simulations,

the performances of the aforementioned detectors are evaluated. Realizations of the test

statistics of the different strategies under H0 and H1 are compared. For that, a sensor

network deployed for random signals (such as acoustic) detection is considered. The sensors

are assumed to be randomly and redundantly distributed over the area of interest. The sensors

are furthermore assumed stationary and at communicating distances from one another. The

data collected from sensors that are spatially close to each other are assumed to be correlated.

5.2. Organization

The rest of this chapter is organized as follows. First, the detection model is pre-

sented. Then, Section 5.4 discusses ED, the optimal detector for uncorrelated signals. When

1Note that the words detector and detection may be used interchangeably in these acronyms.

41



the signal is correlated, the optimal detector is EC. This is discussed in Section 5.5. The

“equivalence” between ED and EBD strategy is given by (28) in Section 5.6. This is followed

by a general description of EBD strategies and a presentation of MED. Next, the detection

performance of EBD strategies, ED and EC is summarized in Section 5.8. A detailed analysis

and simulation results presented in Sections 5.8.1 and 5.8.2 show that MED is suboptimal

to ED and EC. Finally, Section 5.9 concludes the chapter and discusses the main results.

5.3. System Model

The problem of detecting a random signal with a known covariance structure in a

wireless sensor network (WSN) of M homogeneous sensors and a fusion center (FC) is

considered. Each sensor collects a sample of the signal s to be detected and transmits it to

the FC. The FC then computes a test statistic and decides on the presence or absence of the

signal. In order to provide a physical interpretation, we assume that the signal being detected

is coming from a target located far from the network. The FC processes the observations

obtained from the sensors and decides whether the signal is absent H0 or present H1. The

observation sample yi collected at the i th sensor node is given by

yi =


wi , under H0

si + wi , under H1

where si represents the signal as observed by sensor i . Similarly to [9], this signal is assumed

to be a zero-mean Gaussian with a known covariance matrix Cs. The signal, as defined, is a

reasonable approximation for digitally modulated signals such as 4/8-PSK and 16-QAM [9].

The noise wi is assumed to be independent and identically distributed (i.i.d) additive white

Gaussian (AWGN) with zero mean and variance σ2n.
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5.4. Uncorrelated Signal - Energy Detector

When the sensor observations received by the FC are uncorrelated, Cs = σ2s I with σ2s

the variance of the observed Gaussian random process and I the identity matrix of dimension

M×M. Hence, the observation vector y = [y1, y2, · · · , yM]T at the FC is distributed according

to a Gaussian probability density function (PDF) under either hypothesis as follows

y ∼


N (0, σ2nI), under H0

N (0, (σ2s + σ2n)I), under H1.

The NP detector as described in [22] decides H1 if the likelihood ratio exceeds a

threshold or

L(y) =
p(y;H1)

p(y;H0)
> γ.

Since the PDF under H1 and H0 is Gaussian, we have

L(y) =

1

[2π(σ2s+σ
2
n)]

M
2

exp
[
− 1
2(σ2s+σ

2
n)

∑M
i=1 y

2
i

]
1

(2πσ2n)
M
2

exp
[
− 1
2σ2n

∑M
i=1 y

2
i

] > γ.

Taking the logarithm of both sides, we obtain the log-likelihood ratio defined as

l(y) =
M

2
ln

(
σ2n

σ2s + σ2n

)
−

1

2

(
1

σ2s + σ2n
−

1

σ2n

) M∑
i=1

y 2i .

After further simplifications which the interested reader can find in [22], the FC decides

H1 if the energy in the received data exceeds a certain threshold. This is known as energy

detection [22]. Let TED(y) represent the test statistic corresponding to ED. The detection

process consists of comparing TED(y) with the modified threshold γ
′

ED as shown in (23). As

a result, H1 is declared when the condition in (23) is satisfied. Else, H0 is declared.
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(23) TED(y) =

M∑
i=1

y 2i > γ
′

ED.

Under the NP criterion, for a given tolerable probability of false alarm (PFA), the goal

of a detector is to maximize the probability of detection (PD) by selecting the “appropriate”

threshold. To compute this threshold, the distribution of the test statistic must be known.

For ED, the test statistic is the sum of the squares of i.i.d Gaussian random variables.

Thus, it follows a central Chi-Square distribution. If the observed signal is modeled as a

nonzero mean Gaussian random process, then the distribution of the test statistic under H1

follows a non-central Chi-Square distribution [22].

Given

PFA = P r {TED(y) > γ ′ED;H0}

= P r

{
TED(y)

σ2n
>
γ ′ED
σ2n

;H0

}
= Qχ2M

(
γ ′ED
σ2n

)
,

the threshold is obtained as shown in (24) with Qχ2M(x) the right-tail probability that a Chi-

Square random variable will be larger than x (x > 0), and Q−1
χ2M

is its inverse.

(24) γ ′ED = σ2nQ
−1
χ2M

(PFA)

5.5. Correlated Signal - Estimator-Correlator

When the received data vector y = [y1, y2, · · · , yM]T at the FC is obtained from

spatially correlated sensors, we have
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y ∼


N (0, σ2nI), under H0

N (0,Cs + σ2nI), under H1.

In this case, Cs = σ2sRs is an arbitrary covariance matrix and Rs is the correlation

coefficient matrix. The entries of Rs are assumed to be obtained according to the correlation

model proposed in [48]. Similarly to the uncorrelated case, the NP detector decides H1 when

the test statistic

(25) TEC(y) =

M∑
i=1

yi ŝi > γ
′

EC,

with γ
′

EC the threshold, ŝi an element of the vector ŝ = Cs(Cs + σ2nI)−1y and the estimate of

the signal s. This detector is known as the estimator-correlator (EC) since it correlates the

received observation yi with an estimate ŝi of the signal [22].

TEC(y) is a quadratic form in the data and thus will not be a Gaussian random variable

as in the uncorrelated case. It is therefore advantageous to express it in terms of z = VTy,

where V is the M ×M orthogonal matrix (i.e. VT = V−1) that is the modal matrix of Cs

[22]. We then have

TEC(y) =

M∑
i=1

yi ŝi = yTCs(Cs + σ2nI)−1y

= yTVTVCsVV−1(Cs + σ2nI)−1VVTy

=
(
VTy

)T (
VTCsV

) (
VTCsV + σ2nI

)−1
VTy

= zTΛs
(
Λs + σ2nI

)−1
z,

where Λs = VTCsV is a diagonal matrix. Given that Cs is symmetric and positive semi-

definite, its eigenvalues are real and positive (λsi ≥ 0). Then, the above test statistic can be
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rewritten as

(26) TEC(y) =

M∑
i=1

λsi
λsi + σ2n

z2i ,

where zi is an element of z. More details on this derivation can be found in [22].

Analytically, it is difficult to determine the distribution of TEC(y) and thus the ex-

pression of the threshold γ
′

EC. This is because TEC(y) is a weighted sum of independent χ21

random variables. However, it is shown in [22] that the PDF of TEC(y) can be obtained as

the inverse of the characteristic function φy(ω) = E[exp(jωy)], where E[·] represents the

expected value of a random variable. Based on that, and given αi =
λsi

λsi+σ
2
n
, we have

(27) PFA =

∫ ∞
γ′EC

∫ ∞
−∞

M∏
i=1

1√
1− 2jαiω

exp(−jωt)
dω

2π
dt.

From (27), γ ′EC can then be obtained after some mathematical derivations.

5.6. Eigenvalue-based Detection Strategies

Let λ1, · · · , λM be the eigenvalues of the covariance matrix Cy associated with the

random vector y. From (23), we have

E [TED(y)] = E

[
M∑
i=1

y 2i

]
= tr

(
E
[
yyT

])
= tr(Cy)

=

M∑
i=1

λi ,(28)

where tr(·) represents the trace operation. The result of (28) shows that the sum of the
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eigenvalues (which we will refer to as TSED) of the covariance matrix Cy can be used as

an alternative test statistic to TED. In practice however, the covariance matrix can only

be estimated by collecting several samples from each sensor. Let N the number of samples

acquired from each sensor node. The sample covariance matrix Ĉy associated with the M×N

matrix Y = [y(1) · · · y(N)] of observations is defined as

Ĉy =
1

N
YYT .

The relation between TED and TSED led to the development of several EBD strategies.

They have been shown in [9, 4] and the references therein to be alternate and sufficient

detection strategies to discriminate between H0 and H1. The general idea behind EBD

strategies is illustrated by the diagram of Fig. 5.1.
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Obtain the  
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based  
test statistic 

𝑇(𝒚) 

FC 

𝑇(𝒚)  
≥ 𝜏 → decide 𝐻1

< 𝜏 → decide 𝐻0
 

Figure 5.1. Eigenvalue-based detection strategy model.

The FC collects a vector of noisy observations (yi = si + wi) from each collaborative

sensor in the network and computes the sample covariance matrix Ĉy. The eigenvalue-based

test statistic is then calculated and compared to a threshold τ in order to make a decision.

A signal is declared present when the obtained statistic is greater or equal to the threshold.

Conversely, when this statistic is less than the threshold, the signal is declared absent. Eigen-
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values are equal to the variances along the principal components of the covariance matrix.

When the signal is not present, the eigenvalues will be equal to the the noise variances. When

the signal is present, the eigenvalues of the sample covariance matrix will include the signal

variance as well and hence will be much larger compared to the scenario where the signal is

not present.

As shown by (23) and (25), under the NP criterion, the test statistic and thus the

detection strategy differs based on the model of the signal being observed. This is not the

case for EBD strategies. In fact, the detection strategy remains the same for both correlated

and uncorrelated signal models.

One of the most commonly used of these EBD strategies is MED where only the

maximum eigenvalue of the sample covariance matrix is compared to a threshold in order to

make a decision on the presence or absence of a signal. Next, we discuss MED and how its

threshold is obtained. We limit this discussion to MED since the thresholds for the remaining

eigenvalue-based detectors are obtained in a similar fashion, by utilizing results of random

matrix theory [9, 4, 5, 6, 7].

5.7. MED

Let Cy, Cs and Cw be the statistical covariance matrices corresponding to the combined

signal and noise, the signal only, and the noise only respectively. We have

(29) Cy = Cs + Cw.

Under hypothesis H0, Cs = 0. On the other hand, under H1, Cs = σ2sRs. Let λmax , βmax and

δmax be the maximum eigenvalue of Cy, Cs and Cw. Given that Cs and Cw are commuting

matrices, λmax = βmax + δmax [49]. When there is no signal, βmax = 0 since Cs = 0. Hence,

λmax = δmax . However, when the signal is present, βmax 6= 0 and thus λmax > δmax . Note

that δmax is the noise variance corresponding to the principal component of the covariance
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matrix. The goal of the detector is to decide either H0 or H1 by comparing the maximum

eigenvalue of the sample covariance matrix to a threshold (γ ′MED). If λmax ≥ γ ′MED, the

detector choses H1 else it choses H0.

For MED, under H0, the sample covariance matrix Ĉy follows a Wishart distribution,

while the distribution of its largest eigenvalue converges to a Tracy-Widom distribution of

order 1 under the assumption that the noise is real [4].

Given

PFA = P r(H1;H0)

= P r
{
λmax ≥ γMEDσ2n = γ ′MED;H0

}
=

∫ ∞
γ′MED

p(λmax ;H0)dλmax

where p(λmax ;H0) represents the PDF of the largest eigenvalue under H0. Since this distri-

bution is known, the threshold γMED can be obtained as

(30) γMED =
(
√
N +

√
M)2

N

(
1 +

(
√
N +

√
M)−

2
3

(NM)
1
6

F−11 (1− PFA)

)

where F−11 is the inverse of the cumulative distribution function (CDF) of the Tracy-Widom

distribution of order 1. Interested readers are referred to [4] for more information on how

this threshold is derived.

5.8. Performance Evaluation

In this section, through theoretical analysis and Monte Carlo simulations, the detection

performances of EBD strategies are compared while considering the performances of ED and

EC as benchmarks.

When the source signal is uncorrelated, ED is known to be the optimal detector [22].
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On the other hand, when the source signal is correlated, ED is proven to be no longer

optimal. It was shown in [4] and [6] that MED, ERD, and EMED have a better detection

performance than ED. However, it is to be noted that when the signal is correlated, EC is the

optimal detector [22]. Therefore, a proper comparison of these detection strategies should

consider the model of the observed signal. In fact, when the signal is uncorrelated, MED or

EBD strategies in general should be compared to ED and when the signal is correlated, they

should be compared to EC. The comparisons made in [4, 5, 6] failed to take this point into

consideration. Moreover, given that the sum of the eigenvalues (SED) is an alternate and

“equivalent” strategy to ED, one could also ask in comparing MED to ED, how considering

only the maximum eigenvalue (discarding information) can improve the performance of the

detector? These observations form the motivation for the performance analysis of EBD

strategies which is discussed as follows.

For the theoretical analysis, the discussion is limited to MED.

5.8.1. MED vs. ED - Uncorrelated Signal

MED has been proposed as an alternative to ED in [4]. Given that ED is “equivalent”

to SED, let TMED = λmax and TSED =
∑M

i=1 λi represent the test statistic associated with

MED and SED respectively. We have

λmax |H1 = βmax + δmax

and

λmax |H0 = δmax

thus,

λmax |H1 − λmax |H0 = βmax .

On the other hand,
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M∑
i=1

λi |H1 =

M∑
i=1

βi +

M∑
i=1

δi

and
M∑
i=1

λi |H0 =

M∑
i=1

δi

thus,
M∑
i=1

λi |H1 −
M∑
i=1

λi |H0 =

M∑
i=1

βi .

Since

λmax ≤
M∑
i=1

λi ,

(31) λmax |H1 − λmax |H0 ≤
M∑
i=1

λi |H1 −
M∑
i=1

λi |H0.

The detection performance of a detector depends upon its ability to discriminate be-

tween H0 and H1. It has been shown in [22] that this performance depends on the “distance”

separating the realizations of its test statistic under these two hypotheses. The larger the

“distance” between the two realizations, the better the performance of the detector. The

result of (31) shows that the “distance” between the realizations of SED is greater or equal

to the one of MED. Thus, SED or “equivalently” ED has a better detection performance

than MED.

Next, results obtained by comparing the probabilities of detection of MED, SED and

ED on a network of 9 sensor nodes with uncorrelated observations and a FC are presented.

Each sensor collects a set N = 100 observation samples that is then transmitted to the

FC. The zero-mean Gaussian random signal with variance σ2s = 1 that is being observed is

assumed corrupted by a zero-mean i.i.d additive Gaussian noise with variance σ2n =100.00,

31.62, 15.85, 10.00, 6.31, 5.01, 3.16, 1.58, 1.00, 0.63, 0.5, 0.32, 0.16 and 0.10.

The FC collects the measurements of all the sensors in the network and computes
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the different statistics (TMED, TSED and TED). Each test statistic is subsequently compared

to a threshold. A target is declared present when a test statistic is greater or equal to its

corresponding threshold. Else, it is declared absent. PD is then obtained and plotted versus

the signal-to-noise ratio (SNR) defined as 10log10

(
σ2s
σ2n

)
in Fig. 5.2. The results of Fig. 5.2,

obtained after 105 Monte Carlo realizations show that for PFA = 0.05, 0.1 and 0.3, ED and

SED have the same performance that is clearly better than the performance of MED. For

example, for PFA = 0.05, when SNR = −10 dB, PD = 0.68 for SED and ED whereas

PD = 0.25 for MED. Moreover, these results complement the results obtained in [4], where

it has been shown that the performance of MED approaches the performance of the classical

ED for uncorrelated signals.
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Figure 5.2. Detection performance of MED vs. ED and SED at the FC under

hypothesis H1.

5.8.2. MED vs. EC - Correlated Signal

Here, the same network is considered but the sensors are assumed spatially correlated

and placed on a square grid where each square has sides of length d = 1 as illustrated in
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Fig.5.3.

𝑑 

2𝑑 

𝑑 

Figure 5.3. Topology of a spatially correlated network with M = 9 sensor nodes

and d = 1.

For example, the spatial correlation coefficient between samples obtained from sensor i and

sensor j is defined as

(32) cor r {si , sj} = ρi ,j = Kv(di ,j) =
cov {si , sj}

σ2s

where di ,j = ‖pi − pj‖ is the distance between sensor i and sensor j located at coordinates

pi and pj respectively. Kv(·) is a non-negative and a monotonically decreasing function that

models the relation between ρi ,j and di ,j . This function is given as

(33) Kv(di ,j) = e(−di ,j/θ1); f or θ1 > 0,

where θ1 is the parameter that controls the relation between the distance separating the

nodes and the correlation coefficient. The larger the value of θ1, the higher the correlation

between the nodes.

As a result, the correlation matrix Rs associated with the signal samples obtained from

M sensor nodes is expressed as
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(34) Rs =


1 · · · ρ1,M

...
. . .

...

ρM,1 · · · 1

 .

Note that on one hand, the correlation coefficient (ρi ,j) between sensor i and sensor

j in Rs will take on the value of 1 when the distance separating these two nodes is 0. On the

other hand, it will have a value of 0 when the distance separating these two nodes is relatively

large (ρi ,j = 1 when di ,j = 0 and ρi ,j = 0 when di ,j =∞).

By taking the correlation among the sensor observations into consideration, this work

is interested in observing the detection performance at the FC for MED and EC through

the comparison of the realizations of their test statistics under hypotheses H1 and H0. This

comparison is extended to the remaining EBD strategies that has been proposed in the

literature as shown in the next section.

5.8.3. EBD vs. ED, EC - Correlated Signal

Several detectors with test statistics defined as shown in Table 5.1 are considered.

105 realizations of each of these statistics are observed when the signal is present and when

it is not. The ideal situation for perfect detection is for the two realizations (under H0

and H1) of each statistic not to overlap. More specifically, this occurs when PD = 1 and

PFA = 0. However, this situation seldom occurs in practice. Therefore, for a high detection

performance, one would usually like to select the test statistic whose realizations under the

two hypotheses have the least overlap.

Fig. 5.4 shows the results of comparing the realizations of the different test statistics.

The “o” denotes the outcomes of the statistics when the signal is absent and the “x” when

the signal is present. The observed zero-mean Gaussian random signal is assumed to have a

variance σ2s = 0.2 under H0 and σ2s = 2 under H1. It is additionally assumed that the signal
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is corrupted by a zero-mean i.i.d additive Gaussian noise with variance σ2n = 5.

Table 5.1. Test statistics of the different detection strategies.

TEC = 1
N

∑M
i=1

∑N
n=1 yi(n)ŝi(n) TED = 1

N

∑M
i=1

∑N
n=1 y

2
i (n)

TSED =
∑M

i=1 λi TMED = λmax

TERD = λmax
λmin

TMEED = λmax
1
M

∑M
i=1 λi

TEMED =
1
M

∑M
i=1 λi

λmin
TMMED = λmaxλmin

λmax+λmin

TMEGMD = λmax
(
∏
λi )1/M

TAGMED =
1
M

∑M
i=1 λi

(
∏
λi )1/M

The results of Fig. 5.4 show that for correlated signals, EC is the optimal detector as

the “distance” separating its realizations is the largest. In fact, there is no overlap between

the realizations of its test statistic under H0 and H1. Although ED should not technically

be utilized when the observations are correlated, the results of Fig. 5.4 show that ED is

equivalent to SED. These results also show that despite having the best performance when

compared to ERD, MEED, EMED, MMED, MEGMD, and AGMED, MED it is not optimal

when compared to EC, ED, or SED.

For high correlation between sensor observations, the performances of MED, ERD,

MEED, MEGMD, and AGMED improve significantly. This can be seen from the results of

Fig. 5.5, where MED, MEED, MEGMD and AGMED now have a better performance than

ED and SED. The performance of EC remains the best. It is also worth noting that the

“distance” separating the realizations of the test statistic of each strategy will decrease as

the noise variance increases. This can be observed from the results of Fig. 5.6 where σ2n = 10.

55



0 5 10 15 20 25

Outcome of TEC = 1/N*ΣM
i=1ΣN

n=1yi(n)si(n)

40 50 60 70 80

Outcome of TED = 1/N*ΣM
i=1ΣN

n=1y2
i (n)

40 50 60 70 80

Outcome of TSED = Σi=1
M λi

 

 

6 8 10 12 14 16
Outcome of TMED = λmax

2 2.5 3 3.5 4 4.5 5
Outcome of TERD = λmax/λmin

1.4 1.6 1.8 2 2.2

Outcome of TMEED = λmax/(1/M*Σi=1
M λi)

1 1.5 2 2.5 3

Outcome of TEMED = (1/M*Σi=1
M λi)/λmin

1.5 2 2.5 3 3.5
Outcome of TMMED = (λmax × λmin)/(λmax + λmin)

1 1.5 2 2.5

Outcome of TMEGMD = λmax/(Πλ i)
1/M

1.02 1.04 1.06 1.08 1.1 1.12 1.14

Outcome of TAGMED = (1/M*Σi=1
M λi)/(Πλ i)

1/M

under H0

under H1

Figure 5.4. Realizations of the different test statistics under H1 and H0 for

σ2n = 5 and θ1 = 1.
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Figure 5.5. Realizations of the different test statistics under H1 and H0 for

σ2n = 5 and θ1 = 50.
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Figure 5.6. Realizations of the different test statistics under H1 and H0 for

σ2n = 10 and θ1 = 1.
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5.9. Conclusions

This chapter assesses the performance of ED (when the signal is uncorrelated), EC

(when the signal is correlated) and EBD strategies. When the signal is correlated it demon-

strates that EC has the best detection performance when compared to ED and EBD strate-

gies. When the signal is uncorrelated it shows that ED and SED are “equivalent” and have

optimal performance when compared to MED.
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CHAPTER 6

CONCLUSIONS

This dissertation focuses on statistical strategies for efficient signal detection and

location estimation in wireless sensor networks. It considers the detection of a known de-

terministic signal, the location estimation of a single target and the detection of a random

signal with a known covariance structure.

Chapter 3 focuses on the centralized detection of a known deterministic signal observed

by distributed sensors. It discusses a data reduction strategy based on the statistical ranking

of sensor observations. Based on the proposed protocol in which sensor transmissions are

ordered according to the magnitude of their test statistics, each sensor can determine if and

when to transmit its information to the fusion center (FC). As a result, sensors with test

statistics having the highest magnitude transmit first, while the ones with small magnitude

are blocked from transmission by the FC.

The proposed strategy saves significant transmission costs while having a high de-

tection performance. Through Monte Carlo simulations, this work demonstrates that the

proposed ranking strategy, under the considered scenarios, can save more than 50% of sensor

transmissions when compared to the unconstrained energy approach. Theoretically, this work

shows that finding a tight bound on the number of sensors required for decision is subject to

determining the distribution of a linear combination of normal order statistics with 1) same

mean and different variances (in the detection problem of Chapter 3), and 2) different means

and different variances (in the detection problem of Chapter 4).

The detection of a target and the estimation of its location are discussed in Chapter 4.

A network of M sensors observing a slow moving object is considered. The proposed ranking

strategy is employed. Each sensor is assumed to transmit to the FC a packet containing its

test statistic and its bearing measurement. When a transmitted packet is received, the FC
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first computes the global test statistic to decide on the presence or absence of the target.

When the target is declared present in the network, the FC halts transmissions from the

sensors that have not transmitted yet. Then, the next step is to estimate the location of the

detected target through a maximum likelihood (ML) localization algorithm. The performance

evaluation of this approach to location estimation shows that the FC can “perfectly” estimate

the location of the target while utilizing only k < M sensor measurements. Under the

considered scenario, this approach to location estimation saves approximately 67% of sensor

transmissions.

Chapter 5 discusses the detection of a random signal with a known covariance struc-

ture. It discusses eigenvalue-based detection (EBD) strategies that have currently been

employed in spectrum sensing for the efficient detection of random signals. This chapter

assesses the detection performance of the energy detector (ED) when the signal is uncorre-

lated, the estimator-correlator (EC) when the signal is correlated and EBD strategies. When

the signal is correlated it demonstrates that EC has the best detection performance when

compared to ED and EBD strategies. When the signal is uncorrelated, it shows that ED and

SED are “equivalent” and that each has an optimal detection performance, much more so

than MED, which has been proven here to be suboptimal.
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