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Detection and Decision Fusion in Fading
Environment

e Detection by Single sensor
— Hypothesis test
— Cognitive radio
e Decision Fusion using Multiple Sensors
e Detection by Single Sensor under Fading
e Multi-Sensor Decision Fusion under Fading

« Sequential Likelihood Ratio Test for
Spectrum Sensing
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Hypothesis Test

 Hypothesis Test applications
— Surveillance
— Target Detection et
— Spectrum Sensing

 Example-Matched Filter Detection

— Signal model

So+ N, H, 05
Z{Sl+N,H1

— 77:<X,(S -5 )>

_{<So’(51 >

0))

(S (8,-S

04+

<N (S > HO 0.31
<N (S > Hl 0.2+

01+

+
_|_
Ho.7 <
77 >

— Decision =
H

A
> A

Electrical Engineering. University of California, Los Angeles



Recelver Operating Curve

* Recelver Operating Curve: P vs. P
e Setting Threshold 1

 Criteria N L S
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Spectrum Sensing in Cognitive Radio

* Wireless communications rely on spectra.
— Current usage model: frequency bands are licensed.
— The licensed bands are often vacant- low utilizations.

« Cognitive Radio-to increase the spectrum
utilization.

— Allows secondary user to access the spectrum when
it Is vacant.

— Secondary users sense the spectrum before
accessing.

— Accuracies of the spectrum sensing is crucial.

« Formulated as binary hypothesis test problem
— Ho: Spectrum Vacant
— Ha: Spectrum OCCUpied [S. Haykin, "Cognitive radio: brain-empowered

wireless communications," IEEE JSAC. 2005.]
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Detection Criteria and Implications in Cognitive Radio

e Interpretations of Po and Pra In cognitive radio

— Ha : Spectrum used by the primary users

— Secondary users access the spectrum if decision is Ho

— Channel conflict: Decision Ho under the truth Ha

— Miss of the spectrum opportunity: Decision Hi under the truth Ho
« Neyman-Pearson

— Upper-bound probability of false alarm while maximizing
probability of detection

— Protect the spectrum opportunities of the secondary users while
minimizing the channel conflicts

« Lower-Bounded Probability of Detection (LBPD) [chung 0]

— Lower-bound probability of detection while minimizing probability
of false alarm

— Protect the primary users while maximizing the spectrum
opportunities for the secondary users
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Decision Fusion Framework

e Sensors make binary decisions.
— Many applications require binary decisions.
— Accuracy of a single sensor is limited.
— Fusion of multiple decisions increases accuracies.

Sensor

7>C< D F I Cent
Hypothesis \USlOH enter

P s G T
S B S
é /

[R. Viswanathan and P. K. Varshney, "Distributed Detection with
Multiple sensors |. Fundamentals," Proceedings of the IEEE, 1997.]
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Decision Fusion Framework

N sensors make binary
decisions.
— Probability of False Alarm {Pai [1=12,...,N}
— Probability of Detection {P,. [i=12,..., N}
— Sensor decisions {D; |1=12,...,N}
 The fusion center makes final
decision.
— FusionRule: f :{-11}" > {-113 {13" f, {11
— Fusion Rule with random strategy: (_; when {D}es,
+1, when {D.} € S,

+1 with probability &
-1 with probability 1-¢

fo ({Du}) =
, when {D,}=r.

— Solve the parameters of the Fusion
Rule: S,,S,,1,¢.
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Algorithm for Computing the Fusion Rule

 For each element 7, € {-113 we denote
- P(J/J | Ho) by P}’j|Ho
o P(j/, | Hl) by P7j|H1
* The likelihood ratio, associated with 7, , is defined as A =P, /P,m,

Ny =5 v -
S =5 U7,

if (TD + R’HHE )< ﬁ ‘A‘k =0

Input: 7, {7.} . _ D
= Initialization: Iy =T+ F, 5
{PJ\ H, e {PJ\ H, b ; 3 T,=0
> i~ —» k=arg max{A\ } _
S, ={D} cTae T el y
v _ (O :
*‘)1 - l,@j P:c|H1 Sro s LSTI , &,
r=7, —
Lgo = {O 1} {1-‘1 i }

[W. Chung and K. Yao, “Decision Fusion in Sensor Networks for Spectrum
Sensing based on Likelihood Ratio Tests,” Proceedings of SPIE, 2008.]
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Fusion of Two Sensors

e Two Sensors i il
_ _ Sensor 1 0.2 0.1
— Operating points Sensor 2 0.9 0.7

— Goal: (Lower-Bounded Probability of Detection Criterion) Minimizing PFAfC while PDfC
is lower bounded by 0.91

* Result P, = P(D, =0| Hy)P(D, =0| H,)

= (1_ PFAQ)(]-_ PFAl)

D2D1 / P}/j|H1 P7J|H0 /,’ AJ = ]/J-|H1/P7JIH0

71

7

7

V4

\ Peac =0.07 +0.63+0.03*50% =0.715

- [Di=0,50% Pu =0.18+0.72+0.02*50% = 0.91
D, =1, 50% 10
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Fusion of Two Sensors

Fusion Center
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Examples

 Proposed algorithm

e KoutofN

— FC declares H: if k or
more than k sensors
declare Hi. Otherwise,

FC declares Ho.
* Decision Space
search

— All possible
combinations of

decision fusion rule

) Electrical Engineering. University of California, Los Angeles
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Detection under Fading---
Likelihood Ratio Test with Fading Statistics (LRFS)

gnal Model X =1 _
e Signal Model X = kS + N, H,

e Fading Gains 2
~ Rayleigh Prar(i7%) =xe0(, ) for
_RiCIaN  Pa (k10w V) = exp(CE V) 1AV
: o
e Test Statistic

Ri Ovi Ri

1 (X=xS)T (X=xS)/(202)

p(X[H) _ | (270,)""

p(x)dx

A s (X) = -
res (X) (X |H,) 1 e_ATAI(Zaﬁ)

(2720,?)””2

o0 Te 2T 2
_ ,.-0 p(2x X" S=x*S" 8)/(207) 0(x)dx
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LRFS

* EXplicit Expressions of the Test Statistics

_ . . ié(}:g)z : T
Ray|e|gh ALRFS(X)_[ez(oRUHS S+on)\/ZXTS+ZG§\/ 1 _|_§ §+

ad (X" s)?
2 2T 4 T
p2(orons' Stor) 2(055 S+a§) +

V27 XS Erf
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Multi-Sensor Decision Fusion under Fading

e Signal Model: ¥i =xu; +n,
e Likelihood Ratio: A()=p(Y.[H,)/p(Y.|H,)

 Reformulate by fading statistics
— Under Hi: pPCIH) = > [p( {3 ud H)p{u} H) pdk Y drd .. dx,

v{u; ye{-1,+3"

—Under Ho: piH) = > [t Kehdu Ho)pu Ho) pxPdxdx,...dx,

v{u; Ye{-1,+13"

e Test Statistics
U, =+1

>, ekt Aud H)pEu H) pDdrd iy diy 3
AQY) = v{u; Ye{-1,+13" /Ifc
> P Hsh ik Hop(u} Ho plDdrde,di, <

v{u;ye{-1,+13" U
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Numerical Examples

o
T

 LRT with Fading Statistics ? °

— LRFS under Rayleigh .,/ =
— LRFS under Rician

— Matched Filter oo s

« Decision Fusion with Fading Statistics

— 3 Sensors
— 2 Sensors
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Sequential Likelihood Ratio Test
for Spectrum Sensing

* Problem: Spectrum Sensing under Fading

e Goal
— Faster decision
— Allow setting both Pra and Po

e Conventional Approaches
— Collect fixed amount of data
— Uncertain signal strength in fading
— Can we reach faster decision when signal is strong?

o Seguential Likelihood Ratio Test

[W. Chung and K. Yao, “Sequential Likelihood Ratio Test under Incomplete
Signal Model for Spectrum Sensing,” ]
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Formulation

e Signal Model

— Received :{ N, Hy

a,+n,H,

— Signal (primary user) %

— Signal follows AR model
Q=80 +,0, , +a0 s +...+a,0 W,

 Recelived signal follows ARMA

Xp =X g +aX , T+ X g +...+a X _ + W, +N —an_, —an_,—.—an_,
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Seqguential Decision

e Decision at time t
R
D=9 H,
 continue

e Log LR
A (X, %00 %) = log

P (X0, X, % | Hy)
P(Xl’XZ""’Xt | HO)
e Sequential decision

P(X [ X_10 X o0 X p1 H,)

A0 X Xy Xy 1) = 109
/\t::1«1—14_)k
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Decision and Thresholds

e Declision
([ H, if A, >log A
D, =1 H, If A, <logB
(continue if log A<A, <logB

 Thresholds
A L1=R
PFA
— PM
i 1- PFA
Expected termination time can be derived as a
function of accuracy and SNR

B
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Example 1-Scenario

 SNR uniformly distributed between -20 dB
to 10 dB

 Prior 0.5 for H1 and HO
e Jake’s ACF

" Electrical Engineering. University of California, Los Angeles
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Example 1-results
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Example 2—fixed SNR at -20 dB

e ______"\ ________ e __
0.75} o " 10'
+ A w;“Wg‘ G T T T
L g 1 ik e PRI
< 05 o wﬁ iy W M‘,Wwﬂw i w r“"“w“ [ HN i ! —O— Energy Detector
0.25- 4.3““ . :H‘ i 4 m*“_‘r ““‘\mw oYy .
¥ e ' R K 1 —X— Proposed Approach at SNR(-20 dB) -Theoretical
op " = . B
—*— Proposed Approach at SNR(-20 dB) -Empirical
0.25¢+
— X — Proposed Approach at SNR(0 dB) -Theoretical
0.5¢ L
10 — <% — Proposed Approach at SNR(0 dB) -Empirical
-0.75¢F
HO
R R R
0 0.5 1 15 2 25 3 35 4 45 5
X 104
H . e
1 . _ _ __1____
(a) Decistonr Thresh
0.75r
< o5
0.25f
i \“\\‘““‘ ly
ojffit™y! ‘"L“m”‘“v"w‘m‘”ﬂm
0256 ‘ M\ |
e W\f‘ Y
05} g
075} =
. v. [
_1————\———.%——‘——1————»-————'-———0-'————\
FA
0 1 B 3 4 5 6 47
v x 10
~N—
78
5

lectrical Engineering. University of California, Los Angeles

Decision Threshold




Summary

« EXxplicit Algorithms
— Neyman-Pearson
— Lowered-Bounded Probability of Detection
e Test Statistics under Rayleigh and Rician Fading.
e Performance Improvements by Incorporating
Fading Statistics
— Single-Sensor Detection under Fading
— Decision Fusion under Fading
 Sequential LRT
— Faster decision
— Allows explicit settings of Ps and Po
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Thank you
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