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Abstract

Distributed wireless sensor networks find various remote sensing purposes
like battleground monitoring, target localization, environmental monitoring,
accurate cultivation, mobile communication and medicinal applications. Due
to a wide variety of applications of wireless data, suitable design and imple-
mentation of data detection become the modern field of study and research.
The distribution of the nodes in the network provides a spatial diversity, which
includes the temporal dimension for the purpose of increase the robustness of
the ongoing tasks and enhance the probability of data and event detection.

In this area, we study the distributed network that contain the collection of
a node connected to each other in the distributed manner. The node connected
to each other is called neighbor node. In the problem of distributed detection
of data, nodes have to decide based on the binary hypotheses of the measured
data. In this detection problem we find the fully distributed and adaptive ap-
proach where all the node have to make own real time decision by cooperating
with their immediate neighbor only and for this implementation no central pro-
cessing node is required.For this distributed detection, we used diffusion based
strategies Diffusion least mean square (DLMS) and Diffusion recursive least
mean square(RLS) to find out distributed estimation of the parameter of inter-
est.

Distributed detection suitable in the wireless sensor network due to their ro-
bustness to node and link failure as compare to centralized scheme,,scalability
and ability to save power and communication resources.The algorithm utilized
is adaptive and track the variation in the active hypotheses.After the use for
detection we analyze the performance of the proposed algorithm in term of
probability og detection and probability of false alarm and find out the simula-
tion result.

We use some nonlinear techniques(huber loss , bi-square ) to reduce the

effect of impulsive interference on the systems. In this work, a distributed esti-



mation and detection algorithm is developed using error saturation nonlinearity

which is robust to impulsive noise or outliers.

Keywords: adaptive network, distributed network ,global and local net-
work,cognitive radio ,diffusion LMS ,diffusion RLS,distributed detection,distributed

estimation,hypothesis testing,performance analyses
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Chapter 1
THESIS OVERVIEW

1.1 Thesis Objective:
The objectives of the proposed research work are as follows

1. To detect the data based on binary hypotheses in wireless sensor network

by using diffusion based distributed detection algorithm .

2. To estimate the parameter of entrust by using the diffusion based estima-

tion in distributed wireless sensor network

3. To find out distributed robustness adaptive algorithms for estimation and

detection parameters in presence of impulsive noise.

4. To find out the performence analyses of the detection algorithm in term of

probability of mis detection and probability of false alarm.

5. Prform the clustrisation of network based on multi objective estimation

and detection.

1.2 Motivation

The motivating behind using the distributed wireless sensor networks is the
availability of devices that used in construction of transmitter an receiver like
low-power micro-sensors, actuators, embedded processors, and radios etc.lots
of the sensor network contain less number of sensor and wired to central pro-
cessor which perform all the necessary tasks. But here in distributed wireless

sensor networks sensing of signal and processing it also a distributed task and
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performed by the every node of the network .This type of sensing is utilized
when the correct location of signal of interest os unknown over a spatial di-
mension. In distributed sensing We put some number of sensor closer to the
phenomenon being monitored against using the one sensor. By doing it we can
improve the probability of detection as the signal to noise ratio increased and
and increased the chances for line of sight (LOS) communication. Thus, dis-
tributed sensing provides robustness to environmental obstacles. In the wired
network it has its own advantage in the sense ease in connection ,simple de-
sign of system and simplified operation and easily accessible to renewable en-
ergy source, we use wireless because, in many existing and future aspects, the
surveillance of geographical area will not infrastructure easily for communica-
tion or energy. Remote nodes must depend on local, finite, and small energy
sources along with wireless communication channels.

In the centralize network the central processor used restricts the network
performance due to its back and forth communication for exchanging the data
that occupies more channel bandwidth and energy. Due to this we use dis-
tributed network in which every node has its memory and processing unit inde-
pendently and share the data to its neighbors. Scientists and environmentalists
needs to monitor soil and chemical content of air, as well as populations of ani-
mal species and plants and their density over a particular geographical area, for
these type of monitoring process the primary methods are imaging and acous-
tics to localize, identify and track species or phenomena based on implicit sig-
nals, or explicit signals. These facilities must be deployed in remote places that
lack installed energy and communications infrastructures; this is the motion for

the need for low-power wireless sensor networks.
1.3 Background and Scope of The Project

The conventional distributed estimation algorithms involve significant commu-
nication overheads.In the distributed detection problem, a collection of nodes
scattered over the geographical area receives measurement about the state of

nature. Based on its observation of data,[15] the receiving end choose one

3
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of the possible estimates and sends it to the processing center via a prede-
fined channel. After receiving the data, the processing center produces an es-
timate of the state of nature by selecting one of the possible hypotheses . It is
of great advantage to reduce the communication bandwidthspectrum size and
power consumptions involved inrequire for the transmission and reception of
messagesdata across the resource-constrained nodes in WSNs. In the coming
years, with continuingfuture, with advancesment in microelectronics, enough
computing resources can be accommodated in the nodesagents of network to
reduce the processing delaystime, but the communication bandwidthdelay and
communication delay will pose major operational bottlenecks in the WSNs. In
literature, a number of research papers have appeared and addressed the en-
ergy issues of sensor of the networks. It is of great importance and the most
important thing for that is to minimize the number of communication among
between the nodes by maximizing the local estimationor in each sensor node
. In distributed parameter estimation problem, during each sampling instant,
a typical sensor node communicates its estimate exchange its measurement ei-
ther by the diffusion or incremental manner. If the nodes communicate after
processing a array of data instead of communicating after each sample data,
then substantial communication overhead can be reduced. It is a fact that when
data is contaminated with non-Gaussian noise or outliers, the conventional al-
gorithms which that are based on squared error minimization yield is has the
Poor performance. we use some nonlinear techniques are employed to reduce
the effect of impulsive interference on the systems. In this dissertation, a dis-
tributed estimation and detection algorithm is developed using error saturation
nonlinearity which is robust to impulsive noise or outliers. The centralized al-
gorithms can bBe used in WSNs for source localization. But the centralized
approach in [6] [18] possesses excess communication overhead problem. A
decentralized method has been proposed by dividing the large array into sub

arrays for the local estimation.



Chapter 1. THESIS OVERVIEW

1.4 Thesis Organization:

In the following chapter-1 we will know about the background and scope of
this project.Chapter-2 We discuss the detail Introduction about ,Wireless Sen-
sor network ,Adaptive Network ,Distributed Detection,Distributed Estimation
Chapter-3 Deals with the mathematical formulation of the data model where
we will know about the minimization techniques of mse by using the RLS and
LMS, algorithm and how this diffusion process is employed in distributed sen-
sors spread over a particular geographical area and also discuss about Naymen-
Pearson Detection, MVU Estimator, Relation Between NP Detection AND
MVU Estimator.In Chapter-4 we discussed about Detection with incomplete
data, Diffusion Estimation Algorithm, Diffusion RLS Detection Algorithm,
Diffusion LMS Detection Algorithm, Communication And Connectivity Re-
quirement, Chapter-5 Explains about the performance analysis of these detec-
tion algorithm and calculation of the value of threshold Chapter-6 explains
about the simulation results and discussion over the results we obtained and
then in further chapters we will be concluding our work in addition with the

future scope of this project, if any.
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Chapter 2

Introduction

2.1 Introduction

Distributed processing in the network deals with the find out of information
from data obtained from the different node. For example, each node in a net-
work distributed over a geographic area could receive noisy measurement re-
lated to the different objective. The nodes would then communicate with other
nodes in a particular manner, as defined by the network topology, in order to
efficiently estimate the parameter. The primary objective is to find out an esti-
mate of parameter that is exactly same as the one if every node had access to

the information across the whole network.

2.2 Distributed network

neighborhood
ofnode 4

Figure 2.1: Distributed Network
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In figure 2.1 A network contains the collection of nodes cooperating with
each other. Nodes are connected to each other and exchanges the data. The
neighborhood of any particular node consists of all nodes that are connected to
it by edges (including the node itself). The figure shows that neighbors of node
4, which connected with nodes 8, 2, 4, 9.node 4 has degree 4, which is the size
of its neighborhood.

In a conventional centralized solution [6], the nodes in the network re-
ceive data and send them to a fusion center for processing. After receiv-
ing the data from node central processor perform the necessary estimation
tasks and distribute the estimated value to the individual nodes.For this type
of operation powerful central processing is required and number of commu-
nication between the node is more.On the contrary if be consider distributed
solution[12],[14],[1],[2], the nodes are depends on the local data and exchange
the information with their immediate neighbors,due to this the global computa-
tional burden is distributed among the nodes, and the number of communication
between the node and need of powerful processors is reduced.

Typically, the efficiency of any distributed estimation depends on the modes
of cooperation[5] used in the network, as well as the processing strategies used
at the node level. Regardless of the cooperative and distributed strategies used,
it is an accepted fact that the processing of data at the node has to be adapt
statistical variations of data and network topology changes.

At the network level, three such modes of cooperation are usually utilized:
incremental [13], diffusion[2], and probabilistic diffusion. In the first, infor-
mation flows in a sequential order from one node to the next node. In the
incremental mode of operation network requires a cyclic form of collaboration
among the nodes, and due to this it require the least amount of power and less
number of communication. In a diffusion implementation, each node in the
network could work as the individual adaptive filter whose aim is to estimate
the parameter of interest by communicating with all its immediate neighbors as
directed by the network topology. The number of communication in this case is

more as compare to incremental solution. In the last mode of cooperation, the
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communications in the diffusion implementation can be make easy by allowing
each node to interact only with a subset of its neighbors.These subset of node

can be choose based on the some performance criterion.
2.3 Wireless Sensor Network

A wireless sensor network (WSN) are distributed autonomous sensors in geo-
graphical area to monitor physical or environmental conditions, such as tem-
perature, sound, pressure, EM wave, etc..These sensors process the data and
cooperatively pass it through the network to a primary location. The sensor
that are connected to each other we call it node of the network. The more
modern networks sensors are adaptive in nature have the ability to process the
data in the adverse condition and less affected by noise. The invention of wire-
less sensor networks was mainly encouraged due to its military applications.
Today WSN are used in many applications such as Agriculture,health moni-
toring, control, machine health monitoring, environmental monitoring, satellite

communication, mobile communication and so on.

wireless sensor

Network
Tracking Monitoring
_ Military , Halitag, Serniy Dokt e

Enemy Tracking Animal Tracking (Zchra, birds, Cane toad)

= Public/Industrial Public/Industrial

Business E e one e
R Traffic Tracking = Structural Monitoring

SR Car/Bus Tracking m . Factory Monitoring
Inventory Monitoring Inventory Monitoring

Mac hine Monitoring

Chemical Monitoring

Health
Patient monitoring

Environmental Monitoring
(weather, temperature, pressure)

Figure 2.2: Applications of wireless sensor network

In figure 2.2 We can the wide area of application of wireless sensor net-

work. The most significant application of wireless sensor network is in track-
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ing and monitoring. For example, a chemical manufacturing could be observed
for leakages by hundreds of sensors that automatically create a wireless inter-
connection network and promptly report the detection of any chemical leaks.
Unlike traditional wired systems, deployment expenses would be minimal. In-
stead of using thousands of feet of wire routed through all the area, installers
just have to put the small device,at each sensing point. The network could be
expanded by just installing more sensors.In addition to reducing the installa-
tion costs, wireless sensor networks could be dynamically adapt to environment

variation .

2.4 Adaptive Network

Adaptive network is define as a collection of node that has the ability to change
or adapt the particular parameter of interest according to change in the envi-
ronmental condition, temperature noise etc. We shall study distributed solu-
tions in the context of adaptive networks that has the collection of agents with
adaptation and learning abilities[16].The nodes are connected together through
a topology and they communicate with each other through local network pro-
cessing to solve inference and optimization problems in a fully distributed man-
ner. The continuous sharing and diffusion of data across the network allows the
agents to react in real time to drifts in the data and changes in the network topol-
ogy. Such networks are scalable, robust to node and link failures.The networks
are also have the cognitive abilities due to the sensing abilities of their nodes,
their connection with their neighbors, and an inbuilt feedback mechanism for
collecting and refining information as shown in In figure 2.3

Each agent is not only capable of experiencing the environment directly,
but it also receives data through interactions with its neighbors and processes
this information to drive its learning process.Adaptive networks are well-suited
to perform decentralized information processing tasks. They are also well-
suited to model several forms of complex behavior exhibited by biological and
social networks. motivation. Distributed detection has been utilized before

in the wireless sensor network.previously we called it decentralized detection

10
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Variable filter d(n) |
xin) - - o + e d(n)
W, - +

Awy, e(n)

Update
algorithm

Figure 2.3: Agents of adaptive network

schemes and in this way of detection it require to share the measurements to a
processing center. Detection schemes which not require any processing center,
are based on average consensus [9] , [10], and every node in this detection ar-
rangement makes an individual decision. In consensus-based schemes, nodes
obtain a set of measurements of data and after that process an iterative algo-
rithm to reach consensus. These algorithms use two-time scales: first to take
the measurements and second to run the consensus iterations between measure-
ments.Detection algorithms used in this research work based on the diffusion
LMS and RLS algorithms to estimate the parameter of interest, and then utilize
this estimate to perform the hypothesis test. However, other forms of diffusion
methods can be used but and we focus on LMS and RLS here to perform all
orations.

In the decentralized detection problem, a collection of scattered nodes re-
ceives information about the state of nature. Based on its observation of data,
the node selects one of the possible estimates and sends it to the processing
center via a predefined channel. After receiving the data, the processing cen-
ter produces an estimate of the state of nature by selecting one of the possible
hypotheses.

Apparently, a distributed network in which every node transmits a some
part of its measured data to the processing center is suboptimal as compared to
a controls all the observations without any loss. Although, parameter such as
cost function, bandwidth, and complexity of network may explain the utiliza-

tion of algorithms at the nodes of network. A general decentralized detection

11
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Distributed Network
Observation

ﬂ

Mode k-I

_ﬂ

Estimates

Processing Center

Node 1 Mode k

a binary hypothesis testing.

12

Figure 2.4: Representation of the classical decentralized detection framework.

of data in network illustrated in figure 2.4. Resource limitations in the tradi-
tional framework are obtained by fixing the number of nodes in the network
and further imposing a limited alphabet constraint on the output of each sensor.
This mostly bounds the quantity of information present at the processing cen-
ter, as both the number of nodes and the number of possible messages per node
are finite. Perfect reception of the sensor response is typically assumed at the
processing center. It is necessary to acknowledge that once the structure of the
data supplied by each agent is fixed, the processing center faces a conventional
problem of statistical inference. As such, a likelihood-ratio test on the received

information will minimize the probability of error at the processing center for
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2.5 Distributed Estimation

Diffusion schemes [12] have been proposed for distributed estimation, includes
diffusion least mean squares (DLMS) [12], diffusion recursive least squares
(DRLS)[2], and diffusion Kalman filtering[4].

Single significant difference between consensus[10] and diffusion scheme is
that the consensus scheme attempts to achieve consensus among nodes of net-
work, while latter attempts to optimize the cost functions and diffusion scheme
does not need the convergence of node at the same state value. Instead of that,
diffusion scheme allowed the convergence of node towards the expected solu-
tion with acceptable mean-square error value. By ignoring the need for exact
consensus, diffusion schemes i1s more flexible in the sense of selection of com-
bination weights and improved performance. Diffusion schemes are different
in the sense that new measured data is included into the algorithm when they
become available. Diffusion schemes have an advantage in the networks with

tracking and learning abilities.

Estimation

Weight Apdation using diffusion process

i {cik} §
. {di(@), wiihenve  {ak} :
: ; : ki 5
| 'lUk,'i—l At}i??lptzlrve qbk,z Combiner T'/) 3 i
i :
39 J

Figure 2.5: Estimation of data using diffusion strategies

In the diffusion mode of cooperation, the agents of the network share the
measurements with neighbors and fuse the collected data via linear combina-
tions. The several rule uses for combination, such as the Metropolis and relative
degree rule. The calculation of combination weight is performing by using the
degree of the node. Therefore, the performance rules is not stable if, for any

instance, the SNR at some nodes is much less than others; because the noisy

13
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data estimated by node is diffuse into the whole network by exchanging the
data among the nodes. Due to this the computation of combination factor plays

the impotent role in diffusion mode of cooperation.

14
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Chapter 3

Mathematical Formulation Of Data
Modeling

3.1 Data Modeling

consider that we have a network of N node distributed over some geographical
area .We tell two node are linked to each other if they exchange the data.A
node is always linked to itself. the array of node connected to node kis called
the neighborhood of node k, and it is shown by N;. The number of node linked
to node £ is celled degree od node k and denoted by n;.If we take that at every
iteration i node k take some measurement dy(i) which is related to unknown

vector @y of size M as fallows

di (i) = w (i) w° + v (i) 3.1)
Where u; (i) of size M is known deterministic regression vector.The noise is a
scaler with zero WSS Gaussian random process and uncorrelated in space and
time.

Evy. (i) v (i) = 8480, (3.2)
Equation 3.1 1s also for the case where data is real. The main aim of every node
in the network to differentiate between the two hypotheses Hy and H; where

o — { 0 under Hy (3.3)

o, unde H;

In order to simplify the notation, we receive the measurement for every node

k....... N at a time . If we compute the measurement for all the node at every

16
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iteration at j =0............ i up to time i as fallows
di = col{d, (i),d (i), ........ dy(i)} (Nx1)
Ui = col{uy (i),uz (i), ........ uy ()} (NxM)
vi=col{vy(i),va(i), .cour.. vy (i)} (Nx1)
R, =Evyv} = diag {szl : szz ...... szN (N XN)
where diag {.} and col{.}stack the argument diagonal and column-wise
D; = col{D;,Dj_y, ........ Do} (i+1)(Nx1)
U= col{Uy,Us, ..Uy} (i+1) (NxM)
vi = col{vi,va, ..cc.... vo } (i+1) (Nx1)
R, = Evp}

= diag{Ry,R,.....R,} (i+1)(Nx(i—1)N)

The equation 4.1 can we written as

do.; = Up:ip + v (3.4)
3.2 Naymen-Pearson Detection theorem

- In statistics,the Neyman Pearson lemma, states that when performing a hy-

2. Detection

i (Decision)

(Calculating T} ; and thresholding)

47 Yr,i
_—
Wg

Wg,i—1

Figure 3.1: Distributed Detection based on Binary Hypotheses

pothesis test between two simple hypotheses Hy := 0 and H; := 1, then the
likelihood-ratio test which rejects Hy in favour of H; In simple According to

the NeymanPearson (NP) criterion, the detector that maximizes the probability

17
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of detection given a probability of false alarm is [[11],p.478]
Ty (d();,‘) > Yiunder Hy
I (d();i) <% underH

where the test statistics can we calculate by using
A . e
To (do) = ofRe <wsU0:iRv73:id0;i) (3.5)

where ¢; is positive constant and the choice of ¥ is typically depend on the

choice of ¢
Q; (wSUg:iRv,(;:idOj) ~ CN (OC,'(X)S*UJU-RV,&Z-UO;Z‘(O(), aizws*ngiRV,(;:iUOZin)

A | N(0,62) underHy
Ty (do.i) = ( 2)

N(,u,-,G i) underH,
we have
Hi = aiws*Ug:iRv—,(;:iUojwo

o2

i = OCizws*US;,-Rv_,&,-UO:iwo

where S is 1 for real noise covariance and S=1/2 for complex noise varience.
The probability of detection and probability of false alarm at ith itration is

given as

pr=20 %)

pa=0 YT“) :Q(Q—l(pf)_%i) (3.6)

3.3 Relation between MVU Estimator and Neyman pearson
Detection

As we have assume linear model in 4.4 the measurement noise vq.; and regres-
sors Uy; is a full rank matrix, then we have MVU estimator [5] of the parameter

of interest @y for the given desire data dy.; is given by gauss Markov theorem[7]

—1
a)lmvu = (U(;(:iR(;il,vUOii) (U(T:iR(;z'l,dej) (3‘7)
The equation (3.7) can also we consider as solution of weighted least square
problem

mvu

@f}" = argmin |do; — Upi@| 1. (3.8)
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The covareince matrix of error of MVU estimator can be given as
~—— T~ % * _ -1
R g = E@™ o™ = (UO:iRO:il,vUO:i>
T; (doi) = oiRe (@Uo:iRo,; Uo:i @) (3.9)
Now be can find out optimal test statistics by using equation (3.7) in equation
(3.5)

we will use equation (3.9) in future to find out the distributed detection al-

gorithm
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Chapter 4
DISTRIBUTED DETECTION

Previously discussed neyman pearson detection algorithm required the com-
putation global test statistics that stylistically depend upon the desire data dj.;
and the regressors Uy.; across all the network agent.In the centralized network
the solution of this problem is solve by the fusion center by collecting the data
from the all nodes and find out optimal neyman pearson test statistics (3.5).
The diffrent way to calculate the equation (3.5) is by using the equation (3.9)
but the calculation of the MV U estimator is still has to access the global data.
In the network when global information is not present node have to depend
on the local estimates and has to share it with the neighbors. The problem
1s what measurement node should share and how should they fuse the mea-
surement coming from the neighbors node.The problem of local exchange and
fusion can be view in term of distributed estimation where network agents has
to estimate some unknown parameter w”. The detection algorithm utilized here
will build upon the presence of the estimate calculated in distributed manner.So
some of the agent have to access to the local measurement for w® but not nec-
essary equal to the minimum variance unbiased estimator. The main question
is how to define the local test statistics based upon the local estimator and what
will be the probability of detection and probability of false alarm by the net-
work be. depending up on what the methods used for the parameter estimation

we can use the different distribution algorithm.
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4.1 Detection with incomplete data

The main problem start with equation (3.9) how can we compute the optimal
test statistics 7p from the MV U etimator . When global measurement of data is
not present at the node so MV U estimator for global data can not be possible to
obtain. Due to this if we replace the global estimation " with the local esti-
mator of " node k. we are assuming that nod k has access to the measurement
and regressors from the neighbors

di0:i = Weido:i Uk 0. = Wi iU

Ry0:i = Wi iRy 0. Wy i

Where W; is called weighting matrix and the value of it is 0 or 1.That is

4.1)

determined whether the data are available or not.

T}IOC (ClTO:i) — OCiRe <w:UOZiR(;}UO:iw]£0,C> (42)

,L

Where a),iof is local optimal estimator of parameter for limited data.

ol = (O.R5,00i)  (T5.Rs o) (43)
Now by using the local estimate w,i?f of the data optimal local test statistics
can be calculated in distributed manner . However the performance of the local
test estimator will be increased by using the diffusion estimator . since the dif-
fusion estimator allow to diffuse the information in distributed manner across
the network 1in real time.So we study the performance of local test statistics in
term of diffusion estimation.
To solve this question, we first assume that at time 1 node k is able to find

out the linear estimator of wy in the form of
O,; = Kk ido:i 4.4)

Where K} ; is matrix of dimension M x (i — 1) N with M < N . According to
discussion it shown that the diffusion estimate y ; is affected by data beyond
the neighborhood of k. The reason for this, the diffusion process that we used
shall enable these information to flow in real time without node k need to access

to data beyond the neighborhood. Due to this @y ; is more useful then a)li"f of
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equation (4.2). The main problem is how to modify the equation (4.2) for that
we use .

Tii (o) = aiRe (0] O ;00 ) 4.5)

Where ¢; is the same positive constant and Qy ; is matrix we choose to meet

particular performance of detection algorithm. the 7;; in equation (4.5) we

consider test statistics of form

{ Tk,i (a)k,i) > Yk under H; (4.6)

Ty, (wk,i) < YW, under Hy
Where ¥ ; 18 the threshold value of local estimation and that will be influence
the performance of detection.
Now we have to see how to select the optimum value of matrix Qy ; for the
known @y ;
Considering the previous observation model and assuming every node k of
network at iteration 1 has access to linear estimate of wg given as wy ; = K ;do;

. then for optimal neyman pearson test statistics QO ; 1s .

Q%t = (Kx,Uo:i) ’ (Kk,iRv,O:inii) - 4.7

This equation (4.7) can be obtain by using
o = (KiiUo:i) @° + Ki vo.i
Now like (3.5) optimal neyman pearson detector of ®° is given as
Tii (00i) = Re (@ (Kiilo) (KeiRuoiki,) ' o)
Tri (0 ;) = oRe (0] Ok ;00 ;)

t - .
Where K ; and Q7" is given as

-1
Kk,i - (U(Sk:iR(;il,vUO:i) (U()k:iR(;il,v)
Q]OC’]? = <U(Sk:iR(;:i1,vUO3i>
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4.2 Diffusion Estimation Algorithm

In the estimation problem we first review the diffusion RLS and Diffusion LMS
algorithm in the paper [14] [2]. DRLS algorithm [2] enable every agents of
distributed network to estimate the parameter of interest @y by using the linear
observation model in (3.1) by realization of (3.8) in distributed way and local
interaction.IN the reference [2] matrix C and A is combinational factor matrix

with non negative entries c; ; and aj 4.

4.2.1 Calculation of combination factor

As we know that from previous section matrix C and A is combinational factor
matrix with non negative entries c; ; and a; k.
cix=ar,=0if | ¢ Ny
cr=a=1if l €Ny (4.8)
1Ta=1" 17c=17
That means c; ; and a;  is 0 if node [ is not linked to node k and the addition of
row of matrix A and C is equal to 1.
for the calculation of combination factor different rules are available given

in the table 4.1 . The combination factor A and C are not symmetric in nature.

Table 4.1: STATIC COMBINATION RULES BASED ON NETWORK TOPOLOGY

Rule Weight c; ; for [ € N;
Uniform n—lk for all I € Ny,

1/N forl+k
l—(np—1)N forl=k

Maximum degree {

1 /max (ny,n;) forl+k
Metropolis { 1— Ycm forl=k
meN \{k}
Relative degree n/Y.cpux forall 1 € Ny
meN;
no coopration { 0 forl#k
1 forl=k

r
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4.2.2 Diffusion RLS Algorithm

The diffusion RLS [2] algorithm given in (4.2.2) is calculate the estimate oy
of @y for every node k at every iteration i .And when node exchange the data [
di (i) , uz; 1 with the neighbor a intermediate vector of size M is generated that
is Yy ; . In the diffusion RLS algorithm forgetting factor is used that has the
value A > 0 . Forgetting factor is useful in the sense of tracking capability and
steady state performance and and its value is between 0 < A < 1.
Incremental update : for every node k, repeat
Vi i = Wki—1
Pi=A"1P

foralll € N

Py iy ; [y (i) —uy 1y ]
o 2+Clkuk,ipk,iu?:,-
CuicPeiuf w1 iPri

Wiei < Yk,i+
Pei< P+

O2+cppty iPr it} ;
end
Diffusion update : for every node k, repeat

Wy j = Z ar kY, 4.9)

[EN,
For the optimization of parameter estimation we try to minimize the the Mean

Square Error [MSE] . In the figure 4.1 we have ploted the [MSE] for DRLS
and non cooperation RLS and the performance of DRLS is better then the non

cooperation RLS on dB scale is nearly -10dB . For the given value

A =0.95;

SNR = 30dB;

Number of Node (N) = 20;
Tap Size(M) = 5;
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plat for M0

cooperation mode
no-cooperation mode
10 4

20 4

=30 4

1 1 1 1 1 1 | 1 |
0 100 200 300 400 0 AOO BOOD 700  BOO 900 1000
iteration

MED(dE)

50

Figure 4.1: MSE plot for Diffusion RLS estimation

4.2.3 Diffusion LMS Algorithm

Diffusion LMS algorithm [12, 14] is available in two formate based on the

combination and adaption of the measurement-
1. Adapt then Combine (ATC)
2. combine then Adapt (CTA)

Adapt then Combine (ATC)-In ATC as given in the figure 4.2 the first step of
diffusion process is to adapt the fraction of the measurement according to the
combination factor from the neighborhood . Second step is to the estimation
the parameter by using the DLMS alorithe algorithm and exchange it to its

neighbors.
The ATC LMS algorithm is given as-
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e ——————— - ———

Figure 4.2: Adapt-then-Combine (ATC) diffusion strategies.

Diffusion update : for every node k, repeat

Wi = Y ap VW,

FeNe (4.10)
Incremental update: for every node k, repeat

Wii = @ki—1+ e X crey dy (i) — uy ;0 j—1]
LEN

Combine then Adapt (CAT)-In ATC as given in the figure 4.3 the first step of
diffusion process is to the estimation the parameter by using the DLMS alorithe
algorithm and exchange it to its neighbors. Second step is to adapt the fraction

of the measurement according to the combination factor from the neighborhood
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{ Combine
] {ai,k}

4
i

{wi,i—1}ien, Yr,i—1

Figure 4.3: Combine-then-Adapt-then-(CTA) diffusion strategies.

Incremental update: for every node k, repeat

Wii = O+ e X cop); [di (D) — w0 1]
lENk

(4.11)
Diffusion update : for every node k, repeat

O = Y. arcVW,
LEN
Here also same as DRLS for the optimization of parameter estimation we try to
minimize the the Mean Square Error [MSE] . In the figure 4.4 we have ploted
the [MSE] for DLMS and non cooperation LMS and the performance of DLMS

1s better then the non cooperation LMS on dB scale is nearly -10dB . The con-

vergence od DLMS is also faster then non coopration LMS . For the given value
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sa

MSE(dB)-

10

a0

u =0.07;

SNR = 30dB;

Number of Node (N) = 20;
Tap Size(M) = 5;
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— DIFFUSION LMS
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1]

1 1 1 1 1 | i | ,
100 200 300 400 500 B00 700 800 900 1000
no of iteration--=

Figure 4.4: MSE plot for Diffusion RLS estimation
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4.3 Diffusion RLS Detection Algorithm

For every node k = 1....N, compute the initial solution @y ;; and initial matrix

Py i—1 andQy ;1 at the iteration iy for every iteration i > iy

Incremental update: for every node k, repeat

Yii = Wx,i—1
—1
Ori=A" Qi1
1
Pri=A""Pri-i

foralll € Ny

ciicPriug ; [dy (i) —u; i ]
o 2+Clk“k7ipk7i”;i
CuicPeiuf i iPri

Yii < Wkt

Pei< P+

c 2+Clk“k,iPk,i”zi

Clichy Uy ; (4.12)

o2

Ori < Oki+
end

Diffusion update : for every node k, repeat

Wi = Y a VW,
LEN

Decision: for every node k, repeat

Tii (0 ;) = oRe (0] Ok 00 ;)

{ Tii (wk,i) > Y under H;

Ty, (a)ky,-) < W, under Hy

In this DRLS detection algorithm (4.12) first we calculate the estimate of
then utilize it to calculate the test statistics 7;; . In this algorithm we also
calculated the Qg ; .Ox; in (4.12) may be become unstable for large value of i
due to this we use o; = 1\ (i+ 1)
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4.4 Diffusion LMS Detection Algorithm

For every node k = 1....N, compute the initial solution @y _; = 0 and The choice
of optimum Qy ;; for the better detection performance DLMS detection algo-

rithm is O ;1 = 1 . at the iteration ij for every iteration i > i

Incremental update: for every node k, repeat

Whi = Oki—1+ Mk X Criity; d (i) — up ;0 i1
lENk

1
W=t/ ¥ —=
k lENknkG

Diffusion update : for every node k, repeat

i = Y a VW,
LEN

(4.13)

Decision: for every node k, repeat
Tri (o) = aiRe (0F O ;0 ;)
{ Ty, (a)kJ) > Vi under Hi

Tii (a);w-) < W, under Hy

In this DLMS detection algorithm (4.13) first we calculate the estimate of
oy ; then utilize it to calculate the test statistics Ty ; . In this algorithm we take
the O .Or; = 11n (4.13)and use o; = 1

4.5 Huber loss function

The Huber loss function [8] describes the penalty incurred by an estimation

procedure. Huber defines the loss function piecewise by

1,2 for |e|<é

Ls (e) 2 (4.14)

e) = :
0 S (le|]—%8) oterwise
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huber
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Figure 4.5: Plot of huber loss function

In this figure 4.5 function is quadratic for small values of error, and linear
for large values of error, with equal values and slopes of the different sections
at the two points where. The variable error often refers to the residuals, that is

to the difference between the observed and predicted values.
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Chapter 5

Performance of Algorithm

In the previous section we discussed the detection algorithms ¢ and (4.13) based
on the diffusion LMS an diffusion RLS and computation of of matrix Q ;. And
in this section we find out the performance of these detection algorithm (4.12)

and (4.13). For that we take error quantities

O = W ; — W
and

Yk,i = Yki— o
5.1 Detection performance

Consider DRLS(4.12) and DLMS(4.13) distributed detection algorithm. For
these algorithm probability of detection P;;; and probability of false alarm

Py 1s given as

i — O w’ ;O ) — Ot,'Re ' id) i
Piri=0 (Yk, (@5 Ox, zyk‘ (@} Ox.ix, )) 5.0)
Ny
i — o;Re O);k ,id) g
Prii=0 (Yk’ G(k' Qi )> (5.2)

where @y ; = Wy ; — Wy , W is the active hypothesys and

sz,i = soff (w:Qk,iR(Dk?,-Qk,iws) (5.3)

where s = 1 for real data and s = 1/2 for complex data R, ; denoted the covari-
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ance matrix of estimator and Qi ; = I for DLMS detection algorithm.
Ray,, = E [@r; — Ed ;] [Gn;— Edy;]”
For the calculation of equation (5.1) and (5.2) we know that the from equa-
tion 3.1 parameter estimator is linear in dj (i) and test statistics is distributed
according to
Ti (@) ~ N (oRe (0] QO ;E ;) , 0% ;) (5.4)
and from circular symmetry property we know that
o2, = E{oRe (0} Qi (@ — Edx)) }
sz,l- = soif (wak,iRcbk,iQk,iws)
And where s = 1 for real data and s = 1/2 for complex data
E (Ty (o)) = oiRe () O iE oy )
T ((Dk i) _ { ao;Re (ijf,iEd)k7i) ~Una’er Hy
’ oiRe (0] O E ;) + 04 (0] O ;EDy ;) Under H,
By using the neyman pearson detection algorithm we have

Pii=0 Yk,iE[TI;ECC;)k,i)/Hl]

Vi i_E T (@ i H

By putting the value of test statistics we find out the value of equation 5.1
and5.2.

5.2 Computation of Threshold Value

In the previously discussed diffusion LMS (4.13) and diffusion RLS (4.12) de-
tection algorithms we have used the detection threshold ¥, ; . For the calculation
of (5.1) and (5.2) we have to first calculate the detection threshold ¥ ; to make
the algorithm easier we use a alternative expression for threshold calculation

that can compute locally for every node.

Vi =0 Q " (Pr) + o () O ;E ) (5.5)
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We taken unbiased estimation so E [(I)k’i} 1s 0 . So we can ignore the sec-
ond term in (5.5) To find out the value of equation (5.3) is difficult so we ap-
proximate the optimal threshold 5.5 in two step.First, we compute the optimal
thresholds when for noncooperation process , and then take a correction factor

in consideration for diffusion process.

Y=g Popto7! (Pr) (5.6)
Where g is the some constant corresponding to gain we get through the diffu-

sion operation.this constant can be obtain by
A=1
()
ST NN ani
=1..., ( o )
Where () for the average over time

and o} 7! can be calculated as

0F; = 50 (] QiR O, (5.7)

Where R is given as
i

* *
u upi Uy U 1
A=1 - l,l ) =1 l,l ) *
R(f’k,i - [I_Sk’i Z ] Ré)k,i_l X [I_Sk,i Z ] — Sk,i Z 7”1,1’”1,1’51@1'
k

2
1en;, Oy 1eN, "0y

The value of g can be computed [5] in practice by running a few iterations
computing the above ratios, and averaging over different time instants.Typical
values of g are 2.In order to obtain the variances, they can be computed off line
given a set of measurements from all nodes, or using Monte Carlo methods
to generate new measurements and computing a sample average over different

realization of T ().
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Chapter 6

Simulation Results

In this section of the theses we discuss the simulation result for the detection
algorithm (4.12) and (4.13) and compare it with the local and noncooperation

modal.

Mode Number k Mode Mumber k

(a) (b)

Figure 6.1: (a) Variance of Noise Added in the data (b)Trace of covariance 7r (Ru,k) used to
draw regression

We use a local distributed network that contain n= 20 node and tap size
of the filter is M = 3. For the generation of the regressors uy (i) we use zero
mean complex Gaussian distribution with variance R, for the agent k.this gen-
erated regressors is use for every experiment.the trace of convenience ,network
topology used,and noise variance is use for the generation of the regressors as
shown in 6.1. The probability of false alarm for every node we hahe taken is
Prii= 10~7 means we are assuming the one false detection of data for the 10’
correct detection.

All the simulation result plotted here for the DLMS algorithm calculated by

using the following value-
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detection of data when data is present

I:I? 1 I I T T T T T T
threshhold value s R
-test statistics AN
0.6 — v _
05F _

dicision values

] ] ] ] ] | | y i |
0 100 200 300 400 500 BOO 700 800 900 1000
no of iteration--=

Figure 6.2: Test statistics and threshold plot for Diffusion LMS detection

1 =0.07;
SNR = 30dB;

o=1;

s=1;

Pr=10"7

Number of Node (N) = 20;
Tap Size(M) = 3;

Figure 6.2 shown the test statistics and threshold plot for DLMS detection algo-
rithm. In this plot when data is present then test statistics value is greater then
the threshold value for correct decision when data is available at the receiving
end of the node. Test statistics value is less then the threshold value for correct
decision when data is not available at the receiving end of the node. In this
plot after some iteration test statistics is always greater then the threshold value

when data is present at the receiving end of the node.
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perfarmence analisys
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Figure 6.3: Plot of probability of false alarm for Diffusion LMS detection

Figure 6.3 shown the plot for the probability of false alarm for DLMS de-
tection algorithm plotted for 1000 iteration and it is shown that after some
iteration probability of false alarm is approaches to 10~ as taken previously

for the computation of threshold value in equation (5.6) .
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perfarmence analisys

probability of misdetection---=
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Figure 6.4: Plot of probability of mis detection for Diffusion LMS detection

Figure 6.4 shown the plot of probability of miss detection calculated for
DLMS detection algorithm by using equation (4.13) for the 1000 iteration.And
it is shown that after the few iteration probability of miss detection is ap-

proaches nearly to zero .

L
—&— LOCAL LMS

\ = LMS NON COOPRATION
10 | \ - DIFFUSION LMS

*—B—og o

0t - A . 2

Probahility of Misdetection

o | | | | N I |
o 5 10 15 20 25 30 3 40

Itration

Figure 6.5: Plot of probability of mis detection for Diffusion LMS and noncooperation LMS

Figure 6.5 shown the plot of probability of miss detection calculated for
DLMS ,local LMS and noncooperation detection algorithm by using equation
(??), reference [2] and [5] for the 40 iteration.And it is shown that after the few
iteration probability of miss detection for equation (5.1) is having the much
better performance for detection of data as compare to local LMS algorithm

and non cooperation.
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detection of data when data is present
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Figure 6.6: Test statistics and threshold plot for Diffusion LMS detection algorithm affected
by flicker noise

In the figure 6.6 shown the effect of flicker noise entered at the iteration 70
to 90 . Due to this transition between threshold and test statistics is take place
and at the presence of data the value of threshold is become larger then the test
statistics due to this instead of selection of H; it select Hy and miss detection of

the data from 70 to 90 is sharply increased.

probability of misdetection--->

1 1 1
0 20 40 60 20 100 120 140 160
-

Figure 6.7: Plot of probability of mis detection for Diffusion LMS detection algorithm affected
by flicker noise

In the figure 6.7 shown the effect of flicker noise entered at the iteration 70
to 90 . Due to this miss detection of the data from 70 to 90 is sharply increased.
In the figure 6.8 we used the hubber loss function to make the DLMS detec-
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detection of data when data is present
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Figure 6.8: Robustness of hubber loss function in DLMS detection algorithm Plot in test statis-
tics and threshold plot

tion algorithm robust to flicker noise. due to the use of the hubber loss function
the the effect of flicker noise entered at the iteration 70 to 90 and detection
of data at the iteration 70 to 90 is correctly take place. Due to this transition

between threshold and test statistics that occurred previously is reduced.
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5 perfarmence analisys
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Figure 6.9: Robustness of hubber loss function in DLMS detection algorithm in probability of
miss detection plot

In the figure 6.9 the effect of flicker noise entered at the iteration 70 to 90
is reduced.And due to the use of hubber loss function the probability of miss

detection at the iteration from 70 to 90 is decreased.

detection of data when data is present
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Figure 6.10: Test statistics and threshold plot for Diffusion RLS detection
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In the figure 6.10 shown the test statistics and threshold plot for DRLS de-
tection algorithm. In this plot when data is present then test statistics value is
greater then the threshold value for correct decision when data is available at
the receiving end of the node. Test statistics value is less then the threshold
value for correct decision when data is not available at the receiving end of the
node. In this plot after some iteration test statistics is always greater then the
threshold value when data is present at the receiving end of the node.

perfarmence analisys
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Figure 6.11: Plot of probability of false alarm for Diffusion RLS detection

Figure 6.11 shown the plot for the probability of false alarm for DLMS
detection algorithm plotted for 1000 iteration and it is shown that after some
iteration probability of false alarm is approaches to 10~ as taken previously

for the computation of threshold value in equation (5.6) .
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perfarmence analisys
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Figure 6.12: Plot of probability of mis detection for Diffusion RLS detection

Figure 6.12 shown the plot of probability of miss detection calculated for
DRLS detection algorithm by using equation (4.12) for the 160 iteration.And it
is shown that after the few iteration probability of miss detection is approaches

nearly to zero .
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Figure 6.13: Plot of probability of mis detection for Diffusion RLS and noncooperation RLS
algorithm detection

Figure 6.13 shown the plot of probability of miss detection calculated for
DRLS ,local RLS and noncooperation RLS detection algorithm by using equa-
tion (5.2) , reference [2] and [5] for the 40 iteration.And it is shown that after
the few iteration probability of miss detection for equation (5.1) is having the
much better performance for detection of data as compare to local LMS algo-

rithm and non cooperation.
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Figure 6.14: Comparison of LMS and RLS algorithm at 20 and 50 link falure condition

Figure 6.14 shown that how resistive the detection algorithm in the sense
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of link failure.In the figure 6.14 we find out the plot for 50% and 20% of link
failure for DRLS and DLMS distributed detection algorithm. And the perfor-
mance of DRLS algorithm is better then the DLMS algorithm if be compare
for probability of mis detection. The worst performence of algorithm is for 50%

link failure.
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Figure 6.15: Plot of probability of mis detection for Diffusion LMS detection

Figure 6.15 shown the tracking ability of the detection algorithm when hy-
potheses is changed at the 10th iteration .And in the plot we shown that the
tracking ability of the DLMS is better then the DRLS distributed detection al-

gorithm.
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Chapter 7

Conclusion and Future Work

7.1 Conclusion

1.

This approach proposed fully distributed detection schemes for a binary

hypothesis testing problem in Gaussian noise.

This approach exploits the connection between detection and estimation
theories and uses diffusion estimation algorithms to motivate and derive

the detection algorithms.

. We studied Detection algorithms based on diffusion RLS and diffusion

LMS estimation . Finally, provide simulation results for diffusion RLS
and diffusion LMS detection algorithm . And performance analysis for
diffusion RLS detection and diffusion LMS algorithm.

In the plot of tracking ability we plotted the probability of miss detection
and when the hypotheses is changed the tracking ability is DLMS is faster
as compare to the DRLS.

. We provided the plot for the link failure between the node and in this plot

we have taken 20 % and 50 % link failure between the node . In this link
failure the performance of DRLS detection algorithm is better then the
DLMS algorithm and DRLS algorithm is able to detect the data more is

the case of link failure.

. We used the Nonlinear techniques to reduce the effect of impulsive in-

terference on the systems. In this dissertation a distributed estimation and
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7.2

detection algorithm is developed using error saturation nonlinearity which

1s robust to impulsive noise or outliers.

Future work

. Clustering of the network when the different area of wireless network has

the different objective or use the distributed detection algorithm for the

purpose of multi objective detection in wireless sensor network.

Study the robustness of the diffusion algorithm to link failure of the dis-

tributed network in presence of Gaussian noise .

Use Nonlinear techniques are employed to reduce the effect of impulsive
interference on the systems using error saturation nonlinearity which is

robust to impulsive noise or outliers

In the future we formulate a cognitive radio problem that can be solved in

a distributed manner using our proposed diffusion detection algorithms.
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