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ABSTRACT

An Adaptive Fusion Model For Distributed
Detection Systems With Unequiprobable Sources

by
Yuzheng Zhang

Iz a traditional communication system. a single sensor such as = radar or a sonar
is used to detect targets. Since the reliability of a single sensor is limited, distributed
detection systems in which several sensors are emploved simultaneously have received
increasing attention in recent vears. We consider a distributed detection system
which consists of a number of independent local detectors and a fusion center. Chair
and 1arshney have derived an optimal decision rule {or fusing decisions based on the
Baysian criterion. To implement such a rule. the probability of detection Pp and
the probability of false alarm Pr for each local detector must be known. This thesis
introduces an adaptive fusion model using the fusion result as a supervisor to estimate
the Pp and Pr. The fusion results are classified as “reliable”™ and “unreliable.”
Reliable resulis will be used as a reference to update the weights in the fusion center.
Unreliable results will be discarded. The thesis concludes with simulation results

which conform to the analysis.
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CHAPTER 1
INTRODUCTION

1.1 Background

There has been a growing interest in developing efficient and reliable distributed
detection systems (the multiple sensor systems) for target recognition and communi-
cations. There are two major options for data processing in multiple sensor systems.
In the first option, complete sensor observations are transmitted to the central
processor. This requires a large communication bandwidth. The second option
15 to have distributed systems. Some or all of the processing results can be done
at each local sensor system and then transferred to a fusion center. Tenney and
Sandell [1] were one of the first to study the problem of detection with distributed
sensors. They applied the classical single sensor detection theory to a two-sensor
two-hypothesis test. An optimum local decision rule was established to minimize a
global cost. Sadjadi [2] generalized the work of [1] to n detectors and m hypotheses.
and obtained similar conclusions. Chair and Varshney [3] assumed that each local
detector had fixed thresholds and each local decision was independent. With these
assumptions. an optimum fusion model was generated.

Optimal techniques have also been developed for other criterions. When «a
priori probabilities were unknown, Thomopoulos [4] used the Nevman-Pearson (NP)
test both at the local detector level as well as the decision fusion level. An optimal
decision scheme was derived. Demirbas [5] applied the maximum a posterior (MAP)
concept for object recognition in multi sensor environment and showed that the
maximum a posterior {MAP) estimation approach minimized mean square error
estimation.

In the distributed system with a data fusion shown in Figure 1.1, some data
processing is done at each sensor and partial results are transmitted to the data

fusion center for further processing. The final result are then available at the data
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fusion center. In considering the cost. reliability. survivability. and communication
bandwidth. the option of distributed processing is more attractive for many appli-

cations.

X1

Sensor 1 g(x)
/ Data
X2
Xn

Source
(Hi,Ho)

u: Fusion
Sensor 2 g(x) Center —

flw,...,th)

Sensor »  g(x)

Figure 1.1 Distributed detection svstem with a data fusion center

We consider the optimal decision rule which was derived by Chair and Varshney
(3. To implement such rule. the probability of detection Pp and the probability of
false alarm Fr for each detector must be known. but this information is not alwavs
available in practice. In this thesis. we proposed and developed an adaptive model
which 1s extended from Chair and Varshnev’s work [31. and uses the fusion results as
a supervisor to estimate Pp and Pr . The model for equiprobable sources has been
presented [6 . This thesis consider the performance and analvsis for unequiprobable
sources. Various components of the model will be covered: the fusion rule. classi-

fication of fusion results. updating algorithm for the fusion center. and computer

simulations.

1.2 Preliminaries

Let us consider a binary hypothesis testing problem with the following two hyvpotheses
Hy: signal is absent

Hy : signal is present
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The a priori probabilities of the two hypotheses are denoted by P(Hy) = Py
and P(H,) = P;. Asshown in Figure 1.1, we assume that there are n detectors, and
the observations at each detector are denoted by z;,7 = 1,...,n. We further assume
that the observations at the individual detectors are statistically independent and
that the conditional probability is denoted by P{x;|H;),i = 1,....n,j = 0,1. Each

detector employs a decision rule g;(x;) to make a decision u;,7 = 1, ..., n, where

—~1, if Hy 1s declared
U; = (1.1)
+1. if H; 1s declared

The probabilities of false alarm and miss for each detector are denoted by FPr, and
Py, . respectively.

After processing the observations locally, the decisions u; are transmitted to
the data Tusion center. This reduces the communication bandwidth required as
compared to what is needed if the complete observations x; were transmitted. The
data fusion center determines the overall decision u for the system based on the
individual decisions. 1.e.,

U= flug.....uy). (1.2)

In the next chapter, an optimum data fusion rule for our model will be derived.



CHAPTER 2
DATA FUSION RULE

2.1 Derivation of The Data Fusion Rule
We assume that each local detector has fixed thresholds and the probabilities of false
alarm and miss for each detector, Pr and Py, are known. Each local decision is also
assumed to be independent.

The data fusion problem can be viewed as a binarv-hypothesis detection
problem with individual detector’s decisions being the observations. We consider
the Baves decision criterion which employs a systematic procedure of assigning a
cost to each correct and incorrect decision, and then minimizing the total average
cost. denoted by B. If we let Cj; be the cost of making decision Dj when Hj is true,

then for binary decision problem there are four possible costs:

C1o = Cost of deciding D; when Hy is ture
Coo = Cost of deciding Dy when Hy is ture
Co1 = Cost of deciding Dy when H; is ture
(13 = Cost of deciding Dy when H; is ture
where Dy u=+1. Dy:u= —1. The total average cost 1s:
B = E[Cj]

= C1oP[Dy. Ho] + CooP[Do. Ho) + Co1 P[Do. Hy] + C11 P[Dy. Hy.

To minimize the cost B, The optimuimn decision rule is given by the following
likelihood ratio test [7] (Baves decision criterion):

P(ul.....unlﬂl) h;l PO(CH) - C‘YOU) (
Pluy, ..y un|Hy) By Pi(Cor — C11)’

2.1)

The quantity on the left-hand side is the likelihood ratio, and the Bayes optimum
threshold is on the right-hand side. In our model, we use the minimum probability
of error criterion, that is, Coo = C1; = 0, and Cyo = Co; = 1. Therefore,

P(U\Hl) Iil &
P(ulHy) £, P’



where u is a vector of observations. Using Bayes rule:
P(z,y) = P(z|y)P(y) = P(y|z)P(z),

to express the conditional probabilities, we have:

P(ulH,)P, _ P(u,H:) P(H|u)
P(u|Ho)Ps  Plu.Ho) P(Hon) 5

Thus the corresponding log-likelihood ratio test is

Let S, be the set of all local detectors ¢ such that the local decision u; = +1,
and S_ be the set of all local detectors 7 such that the local decision u; = —1. Assume

! .
that u; s are independent,

. Py P(u|H,)
P(H;|u) Pla)
(2.5)
P
= P EP(u,g = +1|H,) - E Pu; = —=1|H,).
Similarly.
R P(ulHy)
P(Hplu) = P(u)
(2.6)
By
= Pla] E Plu; = +1|Hg) - E Plu; = —=1|Ho)
Thus. from Eq.(2.5) and Eq.(2.6):
P(Hl\'l.l) P] P(U«LZ‘}‘]'H]) P(U,Z—li.}:.[])
log ———— = log — 1 ] 2.7
S B Hom) BB T %8 Plu; = +1/Ho) —’; ¢ Plu= “1/Hg >
Define
we = loclrfl
0 - ] POS
P(u; = +1|H,)
1 =
% Bl = +11Hy)’ iof ui = +1, (2.8)
w, =
log P(u;, = —1]|Hy) ifui= 1,



log 22
wg = log —.
0 £ 5
. 1 — R‘II,
log Br fu =-+1.
w; =
1— Pr .
log S ifuy =1
Py ’

Eq.12.7) can be expressed as

PrHyua
log 'P——q“l——l; = wp+ Z 1w, — Z wy
1 Hiy - .

Therefore. from Eq.{2.4) and Eq.(2.10). we have the data fusion rule as

T
, 1. Py + Y wiug > 0.
= gty = =
—1. ot herwrse.

—_—
1o
ow

—

1o
—
[

(2,111

The optimum data fusion rule can be implemented as shown in Figure 2.1.

where
;

¥ = o Z Wi,

=1

Wo

W

Figure 2.1 The fusion center structure
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2.2 Properties of The Fusion Rule
There are two interesting properties about the fusion rule. One discribes the
relationship hbetween two conditional probability mass functions: P(y — we = (|H1)
and Py — wy = (|Hy).described as Lemma 1. It is very useful to analyze the
performance, when we use y (see Figure 2.1) as a supervisor to train each weight in
the fusion center. The other describes the conditions, which can make the system

approacli optimum. described as Lemma II.

2.2.1 Lemmal:
When each weight in the fusion center is optimum (described in section 2.1). the
conditional probability mass functions P(y — wo = (|H;) and P(y — wg = (|Ho)

satisfy the following equation:

oo = Ply —wo = (|H)

Ply —wo = (|Ho)

where ( is a possible value of y — wy.
Proof:

Consider the structure shown in Figure 2.1. We have:
n
Y= g - Zu'juj (2.12)
j=1

or Yy = wy+ Z w, — Z w. (2.13)

J€5% JES—

Here 5% = {j:u;=1}. and S~ = {j 1y, = —1}. From Eq.(2.8), Eq.(2.13)

P(u; = 11H;) Plu; = =1|Hy)
y =wo+ T log—>—""ru - ¥ lop . ¢
UG Py = 1B - ¥ Plu, = <)

Plu; = 1|H)) P(u; = —1|Hy)
= 1wy + log [’H S Sl ink A 3 0
"7 Les Pluy = 110 /A Pre, = =1y

H P('UJ':‘—I}Hl) H P(U.]‘Z—”Hl)

v—wy _ JEST JES™

. 2,14
qu+ P('U.J = HH()) jg‘ P(u.j‘ = *I‘Ho) ( 1_1)

or
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Let { be a possible value of ¥ — wq and each local decision u; is independent,

Ply —wo = (|H:) = > P(w'u = ([H1),

uel’

where u is a vector of u;.7 = 1,2, --. w is a vector of w;, 7 =1,2,---,and
U={u:wlu=¢}

By defining S as {{5".S~}: a combination of St and S~ such that

Dow— ) w=(h

jest JES-

Ply—wy=ClH) = ZH‘ Plu; = 1H:) T] Plu; = —1|Hy),

5 JES JEST

and Ply—we={{Ho) = > 1 Plu;=1[Ho) [] Plu, = —1[Ho).

5 JEST FES™

Thus.

- . SN Pluy=1H) T Pluy=—1|H)
Ply — we = (|H) S JEST JES™ ‘5 1=

¢ -t = . | = 13)
Pl\y—'u,:azuH(,) Z 1 Plu; = llHOJ 11 P(_'Hj = —1|H0}

5 JEST jeS=

Trom Eq.(2.14) and the following equality

o ¢ a«+c bk dk ‘

—_— = —=} - == . = k. (b £ =0, ! '

il = P4 P d k. (b#£0,d#0.b4+d#0)
then

, [ Plu; =1|Hy) [T Plu; = —1|Hy)
Ply —wo=CHy) _ Z@ jest | l)jES'— ! )
Py — wq = (|Ho) > Tl P(uj=1{Ho) I] P(u; = ~1[Ho)

s JEST JES—

I1 P(uj:”Hl) [1 Plu; = —1[Hy)

— JEST JES—
T Plu; = 18e) T Plv, = —1Hy)
jest JES™
Ply —wo = ¢1h) _ eV = b, (2.16)

P(y — wo = (|Ho)



FEq.(2.16) is a veryv interesting result. The ratio of the conditional probabilities
under Hyand Hy only depends on the value y—wyg. even the probability mass functions
FPiy—wo = J|Hy) and P(y — v, = {|H;) may not be monotonic with . This is

iliustrated iz Figure 2.2.

P
~ Ply-wo=UHq) P(y-w,=0/H))
- - - -
- - -:/\ \\\ a
I bel] -
_ yow.

Figure 2.2 Relationship between P(y — wo = (/H1) and Ply — wo = ¢, Hp)

2.2.2 Lemmall
Let the fused results be classified as reliable and unreliable. Denoting the reliable

results by E and H\U. and the unreliable results by 1?:[\I :
P(H, — P{Ho)+ P(H,)=1. (2.17)

Only retiable results Hyand Hg are used to update each weight. denoted by i7;.

P(El‘H()) - P*HD!HH P(ﬁﬂHl) ) N
Let o = —_— = ,.j = and o= e H a — th 3 —
P(HlyHl) PIHQEHQ) P(HUIHQ)
0and ~ — i.then €= jw; — @ — 0. ! =0.1.---. i.e.. @ s are perfect estimation

of w; in this case.

Proof:
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Let r; = log w; and 7; = log i;.we have,

T = A
(U PO
Plu; = 11Hy) P ‘
Plu; = 11 Hy) Hue=+1 248
ry =
Plu; = =1|Hg) .
Pla = 1A, if u; = —1,
and —
. P(H;)
‘I’O — ——
P(Hy)
4 Phu=1H) gy = (2.19)
Plu; = 1|Hs) |
ﬁ' -
P(:u,‘ = -—1‘{:7\0) if ;= —1.
[ Plu; = —1|H,)

Using the total probability theorem P(BA) = P(B|A)P(A):
Plu; = 1|H\1) = __________P(u,— Z/\l 1)
FP(Hy)
P(u; = 1.1 |Hy)P{Ho) + Plu; = 1. Hy |H,)P(Hy)
PUHy)

_ Plu; = 1|Ho)P(H lui = 1. Hy)P(Ho) + P{w; = 1|H,)P(H|u; = 1. H\ ) P(H))
P(H))

Similarly.
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Plu; = 1|Hy) =

P(lu = 1‘H0 H0|U, =1. HQ)P HO) —+ P = 1[H] Ho{’ll.,,‘ = 1H1)P(H1)
P(Ho) ’

P(UZ' = —liﬁo) =

P(u; = =1|Ho)P(Holu; = —1. H)P(Ho) + P(u; = —1|Hy)P(Holu; = —1. Hy)P(Hy)
P(H,) ’

P(u,' = —1|§1) =

Plu; = 1|H(;)P(f:/'\1|u7 = —1.Hy)P(Hy)+ P(u; = —1|H1)P(E1 |u; = —1. Hy)P{Hy)
P(H,) .

Using Eq.(2.19) and the above formulas:

Hu, =+1

[P(u; = 1|Ho)P(H|u; = 1. Ho) P(Ho)+
~ +P(211’:1!H1) [‘_{1|U;——1 H] Hl)]P Ho
[Plu; = 1|Ho)P(Holu; = 1. Ho) P(Ho)+ R
-'i-P(Ul' = 1|H1)P(H()|U,‘ = 1,ffl)P(H1)]P(H1)

i =

P(u.; = l“f@ H1|H0 Ho)
_ Plu= 1|Hy)P(Hy|Hy)P(H,)P(Ho)  Plu; = 1|Hy) P(H,|H,) P(Hh)

Plu; = 1|Hy)P(Ho|Ho)P(Ho ) P(H, ) P(u; = 1|Hy) P(Hy|H,) P(H:)
P(u; = 1|Hqg) P(‘H\()tHg) P(Hy)

+1

1+

lP(ElHa) 1

_ . PUL|Hy) P(H)) P(Hy) riP(Hi|Hy)
' P(Ho|Hy) P(Ho) P(Hy) _ HO]H1
" P(HolHo)
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P(H\|Hy) P(Hy) P(Hy) P(H.H) P(H,)  P(H|H)

— — ==

P(Ho|Hy) P(Ho) P(H,) P(HoH,) P(H,) P(Hy/|Ho)

= P ) PUHolHo) + P(Ho|Hy) (by Bayes! Theorem)
= — - . Lot ‘ s! Theorem
P(H|Hy) + P(H,|H,) P(Ho|Hy) '
_ _ { . P(ﬁolHl)}
NAZARR S vAT
P(H|H,)
Thus.
14 P(ff\olHi) 1+ 1 P({{lIHO)
PR P(Hy|Ho) rito P(H,|H,)
| PALH P )
P{H{H,) P(Hy|Hy)
Let a = P{A”Hoj)_ nd 4= P({{\O‘H then
P{H{|Hy) (Ho|Ho
14—
= E O e (2.20)
l+a 14rirgs
Using the following equality
! =l-c+4at-2*+2'—. - =1-12+ 0[] (lz] < 1) (2.21)
I+
where O[] is the higher order terms of .
If a « 1, and 3 <« 1. we have
=1+ 8)(1+ —=)(1 = a+ Ola])(1 = rireff + O[3)
0
= ;- [1 +a- (1/(‘7“2-7'0) - 1) + 8- (1 =rirg) + Ola, B]] , (2.22)

where Ola, 4] is higher order terms of a and # that is close to 0.

Similarly. if u; = —1,
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Ty P(EDIHI) 1+ P(j{\llﬂo)
P ri P(Ho|Hp) ‘ P(H,|Hy)
2 1 r; P(H{|Hg) P({Ho|H;)
To P(H]fH]) P(H()IHU)
To
. lJr;TB‘l—I—Q'
1 1+ E—a 1+ ﬂ
o
=ri(l+—B)(1 - —~a+Ola))(1 +a)(1 - #+0[8)
i 0
= -+ 3 {rgfri = 1)+ a- (1 —ri/re) + Ola,5]]. (2.23)
From Eq.(2.19):
. P(H)
g = —=
P(Hy)
_ A PUHH)
PG P(H\UIHO:I‘
'/!:g =T 7 (22—1)
PUH, | H)
where 7 = —=
P(Hy{Hy)
P(H,|Ho) P(Ho|H
From Eq.(2.22). Eq.(2.23), Eq.(2.24). if a = —(7\11—@9—) — 0, 4= (Ad 1)
N P(H,|Hy) P(H,[Ho)
0and ~» = w—)— — 1. then 7y — ri @, —wi fori=0.1,-- -
P(Hy Hg)



CHAPTER 3
MODEL ANALYSIS

3.1 Classification of Fusion Results
Recall the data fusion center structure shown in Figure 2.1. If the reference signals
are given. they can be used as a “reference” to train the svstem such that weights
will converge to the optimal values defined by Eq.(2.8). However. in practice such a
reference is not readily available and at the same time, the Pp and Pr of a detector
may vary with time. Since the fused decisions are usually better than local decisions.
thev can be considered as the reference.  When the 7th local decision u, is equal to

P

P(y-w,=Z H ) P(y-w,=C/H )

" ‘il///% | b

P(ﬁn /Hy)

P(H, /H: )

Figure 3.1 Classification of fusion results

the fused decision v. then u; i1s considered to be correct. otherwise. u: is considered

1o be 1ncorrect. Since y = wg — . w;u;. the fused decision u has already taken into

account the decision of the ith detector. w;. If u is used as a reference for wu,. a bias

s

is established for ;. Thus. in the proposed system. the decision of the ith local
detector u, 1s arbitrated by the fused decision of all the other (1 — 11 local detectors.
Denote this fused decision as u-. and define
Yi =Y — o — W; = Z Wi (3.13
¥
The decision %, in the fusion center for updating ; depends on the value y.. The

value y; is divided into reliable and unreliable range. We denote the lower and upper

14
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limit of the unreliable range as 7 and 7, shown in Figure 3.1. We call 7; and 7, the
reliabidity thresholds. Only the fused decision @; which satisfy y; < 71 or y; > T, are
chosen to adapt the weight w,. These decisions are considered as reliable decisions,
defined by H, when y; > . and Hy when y; < 7. This tvpe of learning belongs to

the class of reinforcement learning [8][9][10}[11].

3.1.1 Lemma III

= g«f—{l—!ffi is monotonically decreasing with 7,
P{H\ Hy)
proof :
P(H: Hy)
o = =
P(H; Hy)
_ Plyi > n|Ho)
Ply: > 7| Hy)
L Ply: = (jlHo)
=
> Ply: = ¢;|Hy)
J=1
Without lose of generality, assume that (> (& > -+« > {, > 7, are all possible

y,. Note that as 7 becomes larger. n becomes smaller.

From Eq.(2.16)

—c _ Ply=1Ho)

- P(y-i = Q‘Hl)ﬂ
we have,
P('Q’z‘ = Cl‘HU‘) P(’ye = {:leo‘) Fly; = Cano) ;
: . < ' R T — 3.2)
Ply= ) ~ Ply = GIH) Ply: = G|H) (32

k k .
Denote 4, = > Ply; = (;|H;). By = Y Ply; = (;|Ho). and ax = -gi The
s=1 =1 k

objective is to show that a; > ay_q for k = 1,2,---,n. First we need to show a2 > ai.
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Ply: = Gi|Ho)
Plyi = G|H))

a; =

P(y; = (11 Ho) + Ply: = 2| Ho)
Ply: = Gi|Hi) + Plyi = G| Hy)

Gy =

Using the following inequality and Eq.(3.2),

X o« X X+4a a . :
e —_ e - j . b > 0 9 (3'3)
=<3 % <7y 35 >0
we have:

az > a. (3.4)

Next. we shall show that. if ay > ap_;. then ary1 > k.

Since
aj_1 < aj (3.3)
Arq iz_
Bi—1 B

Apmr Ap-r + Ply: = (| Ho)

~ < , . (3.6)
T Bier  Bioy + Ply: = [ Hh) i
Using inequality Eq.(3.3) again.
Apoa - Apor + Plyi = Gl Ho) < P("!/i = Q_k!Ho) (3.7)
Bioy " By + Plyi = GlHy)  Plys = Gl Hi)
Applying Eq.(3.2) and Eq.(3.6) yields:
Ap + Ply:s = Gl Ho) Ply: = G| Ho) < Py: = G| Ho)
Bio1 + Ply: = G| Hy) Py, = Gl|Hy) Ply: = Cepr]Hy)
Using Eq.(3.3)
Ap-1+ Plyi = G|Ho) _ A1 + Pyi = G [Ho) + Pyi = Grrr|Ho)
By + P{ '*-@k’Hl Bior 4+ Plyi = G| Hy) + Plyi = Ceanr|Hr)
L Av A
= B < Bror = ap < Qgiq (3.8)

From Eq.(3.4), Eq.(3.7) and Eq.(3.8). the a decreases monotonically with 7

increasing.



3.1.2 LemmalV
_ P(Ho|H)) .

3 = ——=——— 1s monotonically increasing with 7.
P(Ho|Hy)
Proof:

It is similar to the proof of Lemma III.

3.1.3 LemmaV
If 71 decreases and 7, increases, € =|w; — @] is decreasing.
Proof:
From Lemma I and Lemma IV as m; decreases and 7, increases, a and /3 are

decreasing. Thus, From Lemma II, € = |w; — w;| is decreasing.
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3.2 Updating
The distributed decision syvstem is assumed to have no knowledge of the probability
mass functions of the observations. Thus. the estimated probability of detection
and false alarm for the i1th detector pp; and 13}:‘1' can be approximated by relative
frequencies. Let m be the number of Hy, n be the number of H,. Let m; and n;
be. respectively, the number of decisions made by the ith detector that conform to
and contradict to the reliable fused decisions. Hence m, n, m; and n; can simply be

obtained by counting in the simulations. That is,

—

m _ P(H;)
n P(Ho)'
P(U,:‘l"l{_f\l). if w; = +1. (39)
- Plu; =+1.Hy)
ET )
P(ul - "17{—{0)’ if w; = —1.
Plu = —1.0,)

We shall next develop the updating rule for the fusion center. From Eq.(2.19).

- P(H,)
0y = log ——=—.
P(Hy)
§ = H :
log Plu +1H) if w; = +1.
P(u1 = +llHU)
w; =
log Plui = =1#o) if u; = —1.
P U; = —1|H1)

Using the Baves rule P(z.y) = p(x|y)P(y).

’

P(u; = +1. Hy)P(Hy)

P(u; = +1, Ho) P(H)
P('U,,' = ~1.H0)P(H1)

P(u; = —1. H,)P(Ho)’

log , if u; = 41,

lf Uu; = —1.

L log



19

Applying Eq.(3.9) and Eq.(2.19) yields

. m
Wy = log —
n

m; - .
log — — o, if ui=+1 (3.11)
) _
1’1:71' ~
m; .
log — + g, if u; = —1
My
and R
m R e“'n
1 eviton,. if u; = +1 (3.12)
m R —— =
1y oty .
‘ eWimtop. if u; = —1
Talking the partial derivative of Eq. {3.11) with respect to m; and n;, respec-
tively.
3'1?’0 1
am m
(3.13)
% ~ __1_. = __1_6*1\‘0_
an n m
and o
()L(‘; 1
dm; m;
1 o+a -
——e T when v = +1 . (3.14)
oy T
81'Li -
——™iT  when u = —1
my

If the current local detector’s decision conforms to the reliable fusion, its weight
should be reinforced. In this case,

1 1
A’t’i\)i ~ —Am; = — (315)
My m;

On other hand. if the current local decision contradicts to the reliable decision, its

weight @; should be reduced. That is,

1 1 PP
——An; = —— VTR AR = ———ewitwo iy = 41
n; n; m;
Ay = (3.16)
1 1 -~ =~ 1 -~ - .
——An; = —— WA, = ——e¥im% fu=+1

n; m; m;



and

Aoy ~

1

m

1
——An =
n

Am = —

When H,occurs

@ =] + Ady, 1=0,1,2, - -

1 - 1~ =
——e™An = ——e*0 When Hgoccurs
m _

Thus, we obtain the following updating rule:

20

(3.17)

(3.18)

where @ and @] represent the weight after and before each update. Since the

steady state @,

. are what we are trying to compute. for actual implementation, we

use the current estimated weight @7 to compute A@;. That is. to update the weights

according to Eq.(3.18). Aw; is computed according to the following table:

—

H] Hl
u = +1 v=-—1 u=-+1 u=—1
Aty ;1_' “"‘;{—16{:;
Ay —--7711—’657—175 _;1716@ﬁ+117(,‘ #:
3.2.1 Lemma VI

Using the updating rule according to Eq.(3.18) and the above table, @] will converge

to the desired steady state estimate weight ;.

Proof:

At steady state,

E[B} — @] =0

(3.19)

Using the definition E[X = ¥ 2;P(z;) and the updating rule according to

Eq.(3.18) and table, Eq.(3.19) becomes,

LP(u =+1,H,

1

k)

1 e —
) SR Tag ST P(’d = +1’H0) =0
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Using Eq.(3.10) for further simplification yields,

@ + g = W; + Wo. (3.20)
Similarly. if v = —1, we have,
Wy = g = Wi — W (3.21)

For ¢+ = 0. the following condition can similarly be obtained at steady state:

1 — 1~ =
—P(H,) — =% P(Hy) = 0.

L m

Thus.

g = . (3.22)

Hence. ¢

i

— ;. fori=0.1..--.



CHAPTER 4

SIMULATION

Figure 4.1 shows the simulation set up to validate the proposed adaptive fusion

model.

m : - UIg
\T‘/ BERDE
' m E
' ]
— | @_ ] e
Source \n';/ 2 u
I : — | fused
; -~
[ ‘. decision
| |
i
CD 7 us!
\n's/
. E
source - channels local ! fusioncenter
systems

Figure 4.1 Computer simulation diagram
In this simulation. presented here. the source produces binary signal with
P(H,} = 0.3 and P(Hy) = 0.7. where Hy : +1 and Hy : —1. Eight sensors are
used. The probabilities of false alarm and detection Pr and Pp of each sensor are
fixed. but not known to the svstem. The channel is additive Gaussian noise. The

Gaussian random variables are generated according to the following transformation.

¥

where ry and r, are uniformly distributed on'(O, 1]. and (z.y) becomes a pair of

7 )12 cos 27y

= (-21
(=21lnr) % sin 27,

n
41

orthogonal normalized (Gaussian random variables. The additive Gaussian variable

for each sensor is zero-mean with standard deviation ranged from 0.5 to 1.2.

22
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4.1 Conditional Probability Mass Function of y
Figure 4.2 shows the histograms of P(y = {|Hy) and P(y = (| H;) for 8 sensors and

250000 samples. We can see that the waveforms are not monotonic. Figure 4.3

0.04 ,

1 T ! T

P(y/Hy) —
U —
0.03 ; -~

T T i
\s
0.025 | -
0.02 F .
0.015 }-\J il
0.01 F 1
0.005 | N l
L [

0

0.035

I

i ! !

-1 08 -086 -04 -0.2 0 0.2 064 06 0.8 1

10 T i T ] 1

&
o

o
1

8 ! ! | . ‘ i
-1 08 -086 -04 -0.2 0 0.2 04 06 0.8 1
Figure 4.3 The log-ratio of probability mass functions log P(y/H:)/P(y/Ho)
Ply = ()

Ply = (|Ho)

shows In It is almost a straight line which conforms to Lemma I:

Py —wo = (|Hy)

el =
Py —wo = (|Ho)
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4.2 Convergence of Weights

Figure 4.4 shows average errors of weights

w; — ;] for different 7, 7 =0, 0.5, and
0.75. As shown in the figure. the larger the 7, the smaller the error, which agrees
with Lemma II. As the number of unreliable samples increases, the training time

becomes longer.

-0.0%
0.1
Lrror
0.1:
7T=0—
c2 b T = O'%? * ytmtll' -
T=0.73 % Yimazr —
e : | | ] : L !

100000 150000 200000 250000 300000 250000 400000 450000 500000
Training Number

Figure 4.4 The error with different reliability threshold



CHAPTER 35

CONCLUSIONS

In the real-world environment, the probability mass functions of the observations at
local detectors may not be known and the performance of the local detectors may not
be consistent. Under such circumstances, a system which can adapt itself during the
decision making process is needed. The major advantage is that the system can still
have smaller error and does not need e priori knowledge of the probability density

functions of the observations. Simulation results conform to our theoretical analysis.
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APPENDIX A

SIMULATION PROGRAMS

/*********************************
main.c

**********************************/

/* #define IBM_PC */

/* #define STATISTICS_DF_Y =/

/* #define DEBUG =/

/* #define DISPLAY_SOURCE */

#define SHOW_W_ADJ

#define CONVERGE

#define RunTime 350000
#define SanIntv 1000

#include <stdio.h>
#include <math.h>
¥include "main.h"
#include 'moise.h"
#include ''sensor.h"

double Na[SensorNum] ,WC[SensorNum] ,W1[SensorNum] ,hWdc;

double Y,Yml,YmO,PH1=0.3;

int i,d,D,u[SensorNum];

long t,P1,P11[SensorNum],P10[SensorNum],P01[SensorNum] ,PO0[SensorNum] ,Pe=0;

w_adj(T)
double T;
{
int i,73;
double B,s,y;
static double delta=0.0001;

#ifdef SHOW_W_ADJ
double yilSensorkum];

printf("source: Hjid\tfusion decision=jd\ty=}.4f\ttao=} . 4f\nu:\t",
d,D,Y-Wdc,T);
for{(i=0; i<SensorNum; i++)
printf("%d\t",ulil);
printf ("\nWo:\t");
for(i=0; i<SensorNum; i++)

26



printf ("%.4f\t",WO[i]);
printf("\nWi:\t");
for(i=0; i<SensorNum; i++)
printf("Y%.4f\t",W1[i]);
printf("\n\t");
#endif SHOW_W_ADJ

for(i=0; i<SensorNum; i++){
ifC ulid == 1 ){

/* y = (Y-Wdc-W1[il])/(Ym1-Wi[il); =/
y = (2.%(Y-Wdc-Wili]) - (Ym1-¥YmO-W1i[i]))/(Ym1+YmO-W1[i]);
ifCy > T)H{

Wi[i] += delta;
#ifdef SHOW_W_ADJ
printf ("Wi++\t");
#endif SHOW_W_ADJ
}
else if( y < -T ){
Wi[i] -= exp(Wi[i}+Wdc)*delta;
#ifdef SHOW_W_ADJ
printf ("Wi--\t");
#endif SHOW_W_ADJ
}
#ifdef SHOW_W_ADJ
else
printf("Wi\t");
#endif SHOW_W_ADJ
}
else {
/% y = (Y-Wdc+WO[1])/(YmO-WO[i]) ;*/
y = (2.%(Y-Wdc+WO[i])~(Ym1-YmO+WO[i]))/(Ym1+YmO-WO[i]);
if(y < -T){
WO[i] += delta;
#ifdef SHOW_W_ADJ
printf ("WO++\t");
#endif SHOW_W_ADJ
+
else if( y > T ){
WO[i] -= exp(WO[i]-Wdc)=*delta;
#ifdef SHOW_W_ADJ
printf ("WO--\t");
#endif SHOW_W_ADJ
+
#ifdef SHOW_W_ADJ
else
printf("Wi\t");
#endif SHOW_W_ADJ



}
#ifdef SHOW_W_ADJ
yilil = y;
#endif SHOW_W_ADJ
} /x for i =/

#ifdef SHOW_W_ADJ
printf ("\nyi:\t");
for(i=0; i<SensorNum; i++)
printf ("% .4f\t",yi[i]);
printf("\n");
#tendif SHOW_W_ADJ

y = (2.%(Y-Wdc)-(Ym1-YmO) )/ (Ymi+YmO) ;

ifCy > T)H{
Wdc += delta;
#ifdef SHOW_W_ADJ
printf ("Wde+\n\n");
#endif SHOW_W_ADJ
}
else if( y < =T ){
Wdc -= exp(Wdc) * delta;
#ifdef SHOW_W_ADJ
printf("Wdc+\n\n");
#endif SHOW_W_ADJ
}
#ifdef SHOW_W_ADJ
else
printf ("Wdc\n\n");
#endif SHOW_W_ADJ
+

void main(argc,argv)

int argc;

char **argv,

{
double tmp_d,tmp_d1l,tao=0;
int tmp_i;

#ifdef STATISTICS_OF_.Y
long SYO[101],SY1[101];
for(i=0; i<101; i++){

SYO[i] = 0;
SY1[i] = 0;
}
#endif
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if(arge>1) tao = atof(argv[i]);
if(arge>2) PHE1 = atof(argvi2]);

/* initialize each weights */
for(i=0; i<SensorNum; i++){
tmp.d = .4; /* initial probability for every weights */
Nal[i] (double)i*0.1+.5;
Wilil = WO[i] = log((1.0-tmp_d)/tmp_d);
P11[i] = P10[i] = PO1[i] = POO[i] = 0;
}
Wde = -1,
sensor_init();

printf ("RunTime=Y1d tao=%1f PH1=%1f\n", (long)RunTime,tac,PH1);

#ifdef CONVERGE
printf (""CONVERGE\n%1ld %1ld\n", (long)RunTime, (long)Sanlntv);
#endif

for(t=1; t<=RunTime; t++){
if((d = Data(PH1))==1) Pl++;

#ifdef DISPLAY_SOURCE

printf ("%d",d);

if(t%50 == 0) printf("\n");
#endif DISPLAY_SOURCE

#tifdef DEBUG
printf("----- d=Yd -=---- \nu=\t",d);
#tendif DEBUG

/* local decision */
for(i=0; i<SensorNum; i++){
uli] = sensor( gausNoise(Na[i]) + d*2-1,1i);

#ifdef DEBUG
printf ("%a\t",ulil);
#endif DEBUG

+

#ifdef DEBUG
/* diplay weights */
printf ("\nWo=\t");
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for(i=0; i<SensorNum; i++)
printf("}.4f\t" ,WO[i]);
printf("\nWi=\t");
for(i=0; i<SensorNum; i++)
printf("Y.4f\t" ,W1[i]);
printf("\n"};
#endif DEBUG

/* fusion */

for(i=0, Y=Wdc, Ym0=0, ¥Ym1=0; i<SensorNum; i++){
Yml += Wi[i]; ¥mQ += WO[il;
1fC ulil == 1 ) Y += W1[i];
else Y -= WO[i];

}

#ifdef STATISTICS_OF_Y
tmp_i = ((Y-Wdc)/Ymi+1.)*50;
if( (tmp_i >=0) && (tmp_i<=100) ){
if( d == 0 ) SYO[tmp_il++;
else SYL1[tmp_i]++;
}
#endif

D = (Y>0)71:0;

#ifdef DEBUG
printz("Y=%.4f\t D=%d",Y,D);
#endif DEBUG

w_adj(tao);

#ifdef DEBUG
/* diplay weights %/
printf ("\nWo=\t");
for{(i=0; i<SensorNum; i++)
printf ("%.4f\t",W0[i]);
printf ("\nWi=\t");
for(i=0; i<SensorNum; i++)
printf ("} .4f\t",W1[i]);
printf(“\n\n");
#endif DEBUG

if( D '=d ) Pet+;

for(i=0; i<SensorNum; i++ )
it ((ufi] == 1) && (@
else if((uli] == 0) && (d

1)) P11[i]++;
0)) POO[i]++;

n
]
L]
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else if((ufi] == 1) && (d == 0)) P10[i]++;
else POL[i]++;

#ifdef CONVERGE
if( t¥SanIntv == 0){
printf ("t=%1d\nWdc=Y%.4f\nW0:\t",t,Wdc);
for(i=0; i<SensorNum; i++)
printf ("Y%.4f\t",W0[i]);
printf ("\nWi:\t");
for(i=0; i<SensorNum; i++)
printf("%.4f\c",Wi[i]);
tmp_dl = (double)P1i/(doubledt;
printf("\n--------- \nWdc=Y%.4f\nW0:\t",log(tmp_d1/(1-tmp_d1)));
for( i=0; i<SensorNum; i++){
tmp_d =log((double)P00[i]/(double)PO1[i]l*tmp_d1/(1-tmp_d1));
printf ("% .4£\t",tmp_d);
}
printf ("\nWi:\t");
for( i=0; i<SensorNum; i++){
tmp_d =log((double)P11[i]/(double)P10[i]*(1-tmp_d1i)/tmp_d1);
printf("%.4f\t",tnp_d4);
¥
printf("\n\n");
+
#tendif
}
printf ("\nPE_DATA\n");

printf("\nPe=Y%e\n", (double)Pe/RunTime);

#ifdef STATISTICS_CF_Y
printf ("\nSTAT_Y\n"};
for(i=0; i<101; i++)
printf("%e %e %e %e\n",(float)(i-50)/50, (double)SYO[i]/RunTime,
(float) (i-50)/50,{double)SYi[i]l/RunTime );
#endif

#ifdef IBM_PC

getch();
#endif
}
/****************************************************
* noise.h
sk ok ok o ok ok ok ok ok Kk ok o ok ok ok ok o o sk ok sk ok s sk ok sk ok o ok ok ok ok ok ke sk sk ok ok ok ok ok ok skok ok f
#include <stdlib.h>
#ifndef _noise
#define _noise
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#ifdef IBM_PC

#define RND (((double)rand()+1.)/32768.)
#else

#define RND (((double)rand()+1.)/2147483600.)
#endif

/* Data will generate 1 bit data. P(H1) = prob */
#define Data(prob) ((RND<prob)? 1:0)
double gausNoise(double sigma);/* gausNoise */

#endif _noise

7 3k sk o ook K ok oK 3 3 ok K o oK 3K K o 3 3 ok ok ok K ok ok o o oK K Kk o ok ok ko ok o ok 3 K o ok ok K ok ok Kok
* noise.h
****************************************************/

#include <stdlib.h>

#ifndef _noise

#define _noise

#ifdef IBM_PC

#define RND (((double)rand()+1.)/32768.)
#else

#define RND (((double)rand()+1.)/2147483600.)
#endif

/= Data will generate 1 bit data. P(H1) = prob */
#define Data(prob) ((RND<prob)? 1:0}
double gausNoise(double sigma);/* gausNoise */

#endif _noise
/3% K 3k ok ok 3k ok ok oK oK 3 ok 3K ok K ok ok ok ok 3k ok K oK ok K

sensor.c

3k ko ok ok o o ok sk ok ok ok ok ok ok ok ok ok ko ok K ok ok ok /
#include "main.h"

double T[SensorNum];

int sensor(double s,int no){

if( s8>T[no] ) return 1;
else return O;

¥

sensor_init(){
int 1i;
for(i=0; i<SensorNum; i++)
T[i] = 0;



$ koo skokok okok dkokok ok ok ok ok ok ok 3 ok Sk ok kK K o ok ok KoK 3K ok ok oK
# makefile

33 sk o ke s o ook ok K ok ok ok o ok oK oK oK 3k oK ok oK oK Sk oK KKK o K K
CC=gcc

CFLAGS=-g

SEZS= wmain.z rolisza.

0O
7}
141
K]
wn
u
b1
I3

HDRS= main.h noise.h sensor.h
0BJS= main.o noise.c sensor.o
LIB= -1m

all: main

clean:
rm -f $(TESTS) *.0 *.1ln *~

main: $(0BJS) $(HDRS)
$(CC) $(CFLAGS) -o $@ $(DBJS) $(LIB)

bk:

zip bk *.c *.h makefile

tar:

tar cvf ~ mekefile *.c *.h [ compress > bk.tar.Z
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