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Sensor Networks

*What about sensor networks:
—Ad-hoc wireless networks? <—=constraints
*Design issues:
—Inference: decentralized detection
»Structure of detector
»Performance of detector
» Tradeoffs
—Combine data from many sensors:.
—Fast fusion algorithms

(() Electrical & Computer
ENGINEERING M



Carnegie Mellon
Sensor Networks

sIntegrated technology: inexpensive sensors, deployable, multiple

modalities (EM, acoustic, IR, magnetic, ...)
*Survey large areas: environmental, security, surveillance, ...
Many sensors/ many targets: global through local

SENSOrs

clutter
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Sensor Networks

e Distributed, Heterogeneous, Autonomous
« Resource starved: rate constraint
 Network as sensor: design with tradeoffs

. Sensor
@% (Network)

Feedback

Application
Goal
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Sensor Networks

 Main issues:
— Detection: optimal algorithms and performance
— Fusion: fast inference algorithms

e Constraints:
— Common access channel rate constraint

e Tradeoffs:
— Number of sensors

— Number of bits per sensor
— SNR
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Sensor Network: Architectures
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Sensor Networks: Optimal Detection

« Decentralized detection:
— Performance: min P under rate constraint R

— Decentralized detection:
e Tradeoffs: R=Nxb: N, b, SNR

 Optimal detector:
— Global fusion rule
_ Local tthShOldS Parallel Architecture

* Probability of error
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 Optimal detector: Hard combinatorial problem

Asymptotic analysis. how good aretheresultsfor finite
N; how large does N need to be (SNR dependence)

Numerical optimization: fusion ruleintuitively pleasing
generalization of majority rulefor binary quantization
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Decentralized Detection: Model

Source H :

- Binary Hypothesis H, vs. H,
- Prior probabilities: w, ,
Observations v, y;,---» Yy -

H, [ H,

Binary Hypothesis

Sensing

- Conditionally independent given H |
- Identically distributed: f.(y) = f(y | H.)
- Monotone likelihood ratio f,(y)/ f,(y) - 72 |- compression | 4 |
Compression:
- b bits per measurement ull uzl “Nl
- Observation space. y, € R Channel
= C|aSSIflcaIIOn Space ’U/n E U — {O,].,...,L - 1} ‘ ‘Communication
- W:R—-U, |U|l=L=2 :
Communication: Error-free, Bandwidth=R bits/sec L R
Fusion: v° : U — {0,1} '

H e {0,1}
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e Locd classifiers: v}, 72,..., 7}

e Conditional independ. + Monotone likelihood ratio
- Gauss case, ingeneral: N [L(L-1)/2] thresholds
- Experiments for b=2: optimizing L(L-1)/2

thresholds/local sensor always convergesto s mpler A

one with (L-1)/sensor = N(L-1) thresholds

- = Optimal classmersscalar guantizers:
0 —00 <y < A

1 A<y <A,

\L—l A <y <oo
- Each classifier characterized by threshold vector:
A=A A )

N local classifiers with possibly different | X\
Optimal thresholds X\ ? Optimal fusion 7° 7

Electrical & Computer
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Optimized Decentralized Detection

H,/H,

Binary Hypothesis

Sensing

: fyb fyg Compression N |
Channel
‘ ‘ Communication
f}/ Fusion
H e
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Unquantized vs Quantized Local Decision

e Assuming everything elseisfixed, b T= P,(b) | and P.,(b) > P.(0)
Problem: b = 7 st. P.(b) = P,(c0)
Difficulty: P,(b) ishard to evaluate (dependent on fusion rule ")

Asymptotic analysis. Assume N — oo
- P(b,N) — 0 exponentialy fastas N — oo
- Therate of decay is given by:

C, = — lim %bgpe(b,N)

N —o0

Assuming everything elseisfixed: b 1= C, T and C, < C
Problem: b = 7 st. C), ~ C

| Design optimal detector and study P, (b) as function of b |
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Optimization

e  Chernoff Information:;
Cs :—mmlogf Lfo(y) )] dy

0<s<1

Cy(N,8) = —logz_:o [Pr(u | Hy)*[Pr(u | H))]'™

bjective tunction:
%()\,8) — log[l o Cb(>\78>/000]
ptimization: Assume identical local detectors (negligible losswhen N — oo

H}{iﬂ%()\,S) SJbJeCttO )\1 < )\2 < 0 K >‘L—1 and 0 S S S 1

P Alternatively: let 6 = (6;,09,...,6;_5), Where 6 = A, and
§ =M — N1,k =2,3,...L — 2

min V;(N\,s) subjectto: 6, > 0,k =2,3,....L—2 and 0 <s <1

.8

mgsymptotic analysis abstracts out fusion rule‘
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Local Thresholds Algorithm
«  Optimization : "3tizo'ize 0 = (60001
L-Dimensional & nonlinear Next iteration = [61:02,+56113]
__ab j=J+1 X
L =2 i
‘ Next variable
. =19+ 1
o Algorithm: .
. y
Gradient-descent Compute Gradient
A, = a%we)
e [|nitiaization:
«; . convergence vs. speed Vimauon Loapund
° Stopp| ng: Update «;
AZ < 87 Z — 17 27 MR L Gradient'Update
92'(#1) = HZ'U) REUTAY
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Results : Unquantized vs Quantized

e  Obsarvation model:
under H,: y = m, +n

E[n] = 0, Var[n] = o*
m,; are constants representing the signal mean

e Case Studies:
- Noise distributions. Gauss, Laplace, Logistic
- No. of bits; 1 to 8 bits/sample
- SNR: O to 20dB
—(y—m)/p 3
fiogistic (y> — c \/_

,0[1 4 6—(?;—77%)//)]2 P 70

|
fLaplace(y) — € il /0 =0

1
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Results : Unquantized vs Quantized

Gauss, m =-m,, 0(2) 02 1, SNR=10dB

Threshold value

_ | | | | |
0 50 100 150 200 250
Threshold index
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Results : Unquantized vs Quantized

m

0

=-m

1

, of):oi:l, SNR =0dB,SNR ;=20dB

= Log(l—Cb/Cm)

Vb

-12

— Gauss
—— Laplace
—— Logistic
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Conclusions: Unquantized vs Quantized

e |0, — C, exponentialyfastasb 1
= Little gain if we go to higher number of bits 5.

Threshold distribution:
IS such that threshold points are concentrated around

the boundary between f,(y) and f,(y) (areawhereit is
most hard to discriminate between H, and H,).

In all cases studied, s convergesto 0.5

« Forhigho,theratio ¢, /C,, Islesssensitiveto SNR
when the noise Gaussian.
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Fusion Rule

«  Asymptotic studies abstracts the role of the Exhaustive Search
fusion rule=> consider finite number of i
Sensors N Pick a fusion rule

 Ingened, for finite N, optimal local 7’
classifiers vi,~:,...~ might not be l
identical = (L — 1)N thresholds alpeseile | T opimal ocalresholds. | - Gradient

. . LN 2Nb fusion rules
 No. of possiblefusionrules; |27 = 2 l
Compute probability of error

Uy Us Uy i F,(X\*,1")

0 0 0 hy

9 O o 1 hQ < Fusion ruI:With least >

: : . ) probability of error
L—1 L -1 L—11| hyw

Note: h;, € {0,1}
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Fusion Rule: Genetic Algorithm

Local decisions
° Setup: w € {0,1,....L — 1)
- Priors; my,m =1 — m

U Up = - - Uy
- Noise: Gauss, mg = 0,m; = 1,0° =1
- (b,N): (1,N), (2,2), (2,3), (2,9), (3,2
1
>\’
0
FuS\O“
pes!
Fusion rule: regardless of priors

40 50 60 70 80 90 100
generation 1
A~ ZN(L—1)

Electrical & Comput
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2N Binary vs N Quaternary Sensors

Rate Constraint: R=Nx b
*Unequal SNR

Probability of error P,

772 — 771 -+ Q‘SdB

0.1
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2N Binary vs N Quaternary Sensors

<7 < Thmax;

> Thmin

Cy (1)
Coo (776

A~

Wmmm& o |
w



Carnegie Mellon
Finite N Sensors vs Asymptotic Analysis

Gauss, mg = —my,0? =1lmy =m =1/2,b =2

0.9

0.85-
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Performance Analysis: Finite large N

Lugannani-Rice approximation: (PR — P gxact)/p exact x 100

Fig.1: Approximation relative error (Linear scale) Fig. 2 Approximation relative errar [31—2.-3] scale)

10F

8
Logf
O
4 -
L 1 L L 0 1 1 1 1
40 &0 a0 100 12 o] 20 40 G0 80 100 120
Mumber of sensors Mumber of sensars
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Performance Analysis

Lugannani-Rice approximation:

1

0.95R

S(Nn)

09fF-

Electrical & Computer
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Fig.4: Asymptotic Corvergence
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Network as Sensor: Detection

* Fusionrule: majority-rule
* Under MAC constraint: R=N x b

o  Prefer quaternary over binary sensorsif SNR 1.5to 2 dB larger for quaternary sensors

« P — 0 exponentidly fastas N — oo
* Therateof decay C»(N) approachesthat predicted by asymptotic studies C; as N — oo

»  Convergence rate of Ch (N) — Cj, depends on system parameters, especially SNR: slower at lower SNR

« Slow convergence = very large number of sensors N isrequired to approach asymptotes (over thousands)
o Loca detectors tradeoffs. How many levels of quantization of local decisions

o Few bits/ decision at high SNR

o More bits/ decision at [ow SNR — usually 1 to 2 bits more than at low SNR

o Asymptotic analysis may lead to wrong decisions at low SNR

Electrical & Computer )
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Fast Fusion: Fast Sum-Product

1 1 1
Ty . Ta. ThlS . AT TalSy yplTa, T8y plTy ., Tq|S:
P(T1.Ta TalS1. 5. 5a) = 200 TlZ) o0 Tl ) 2 Tals) 20y w7y #079)
fy [ fa o aannis

p{T1 | 51,52, 53) Z p{T1.T2.T5 | 51, 52. 53]
T, T
Map fusion of N sensors detecting K targets on bipartite graph
*Fuse sensor soft info. with sum-product algorithm
Message flow alg.

«Compute marginals from 1D marginals
S e S @ S,®
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Sum-product algorithm (Compute function marginals)

&ge updating ar ound\
variable node

fl
0.0
AN

~N

f3

o J

9,
q =1 6,(T)

Send out only
extrinsic info.

/M essage updating ar oum
functsi on node

f
1t 1

r. v\q ,
Ve

% >
i=>{ gt 0,(T,,T,.S)

T

Message updating rules of sum-product algorithm
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Fast Fusion: Fast Sum-Product

*Fast implementation of sum-product algorithm:

*Divide and conquer, divide and multiply (reduce complexity by K/2)
*Approximate sensors soft info. by sums of Gauss

*Propagate means and covariances

sConvergence: if covariances converge, means converge to their correct values
sFast algorithm: scenarios with hundreds of sensors and hundreds of targets
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Fast Fusion: Convergence of Variances

.y| .yz y” _.y-'-'
fl _IIEE LS S f:_‘ SR f”
<~ 1 X e T
R _,,..—-"_}_\f e __:;-:I:-F “w M
T T3 - T3 e T L. =, Tm

I I I | i
i1 iz i . [ s - . Igu_.

Fig. 3. Sensor Network of General Topology

({__‘};‘.4_1]” N .II_.I,I;I"-I_”) — (_;._'_1 ({[“.EA'J}.J.:I) R ({FI'I']}J:”))

_r (FIII- - I{-I;:JI-:.) _ (14)

Theorem 1. The operator B possesses a fived point in D7

noting this fired point by (C7.... . C7)

. Furthermore. de-

T
Alilll Fk (E"IDI_ . _{"E”I) = (CT,...,C}) (15)
—
. » o . J(0 (0}
for all popsitive-definite diagonal matrices E'I SN o, o
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Fast Fusion: Convergence of Means

MEHD =y, ({ MM oM j

\ -1
AR {Dybyws = (Ee Py & (g (D7) -3 &i(Ay (Tn) . (1
i i );
i 1. . \-.l
HEE: (] I:-.r_JEE: e HE:;
Ty, 30 = : : : : . (18]
H[H--- L= = |H‘[ri--- 1= 0 H(H —1j=
H?.‘ % T H” ] Hh ] [] )
Each block matrix &, in Ty;  y  takes the form of

_ 1 iy . ‘1
9, =1 (.4f_.;_”_j”“|Jfl_.ql,_-é_,f_-_: o) IE) _ (10)

where the matrix Ay, (e is defined as before in (11) and the matrix

Iy
1
Al

O 15 defined as
2l 'J.-I'J'_.r'.

Tt T

Z Ti (I.f'f'_:f | Z Ti (Aijlfa)) .
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Fast Fusion: Convergence of Means

Theorem 2. Ifp(Tx,. . », ) <1, then & vectors M. ... . M such that, for any
(0 (o oy S0 .

M ). A ' and any C L. .ff,[i eI,
. e e | ALED L R BT E: £
o the sequence (M7, 000 My converges to (M, ..., MEY.

it. the estimated means for the marginal densities obtained from the message
statistics are the true marginal means.

Lemma 9 If maXicqy . n) p(Oi) < 7=, then p(Ix, . xn,) <L
L1 11 L 0 0 0
11 1 1 0D 1 0 0
1 1 11 0 0 1 0
1 1 1 0 0 0 1
p(Ts,,. x.) = rr('i':-}u D ... 0 On)- (f "“‘))
< p(OLE...E0L) p (f/ Igg)
= max p(0)-p (f) p (o)
iell,...,n}

= max p(Ou)-(n—1).
éﬁ{l_._.n}
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Fast Fusion: Convergence of Means
Lemma 11 [f ¥ = .

.= YXp = X, then the sequence of covariance matrics converge to a unigque

fized point (C,...,C) in D" and C < §(X). Moreover, p(Ix, . x,) < 1.

-
vy )

Proposition 2 For any symmetric matric ¥ > 0 such that ¥ — (n — 1)l > 0. if &, =

-1 - w—1 s o Vo T iy . _ 1—(n—1)A\ ()
(E + v Ioj fori=1,....n then (X1,....X,) € C for all Z;=1 v, = 0 and — Amm(;}?m <
. ~ o L1 Amaa(X)

oo o ¥ < v
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c Convergence Rate of Message Means UG_?lwergence Rate of Marginal Mean Estimates
0.5[ o
208 .
wodr E
m
EEI 3 E 0.5
@ || — Mean sentfromf, tox, =
Snal -—- Mean sentfromf, tox, E
% = L |- Eslimated mean far p(xb|y1,...,ywj 7
c01F % -—- Estimated mean far plxglyy.....¥5)
o 0.3 q
0 E
0% 100 200 300 400 03 100 200 ] 400
number of iterations number of iterations
f " s s ¥ _ . i W - . —y . .
(a) Message Means Converge (b) Marginal Mean Estimates Converge
Figure 6: Regular Sensor Network of 30 Sensors and 30 Targets
Gleergence Rate of Marginal Mean Estimates D%Envergence Rate of Marginal Mean Estimates
0.9 g 0.5
Soets ] Eoast
gorfi T oat
= i g
Fos D 038
Eos Estimated mean for plag ...y, S 0.3
—os — e = 09— E=
= -~ Estimated mean for p(x;y, .....y:] E | Esh.mated mean far plig,fyy....Yys)
D04 gD_ZSJ -~ Estimated mean far pleyylyg....Yp.)
= | ‘. i
Epas .)(' = 0.2-".- e AN A \r"lln'llt,'t."',:llp'!'.,' ';\!F‘ﬂil:'
05 20 A0 el 80 100 B1% 20 A0 . GO g0 100
number of itzrations number of terations
(2} ol T Y= 7 Q¢ H) ol T L = 9
(a) p(Ix,. . »,) = .T133 (b) p(Ix,. . x) = 10214

Figure 7: Effect of the Proximity of the Spectral Radius to One
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Conclusions

eSensor networks:
—Optimal design: tough combinatorial problem

—Decentralized detection (parallel network):
»Surprising fusion rule: majority rule
»Tradeoffs under rate constraint:

v'N versus b as a function of SNR: may prefer N/2 w/
b=2, rather than N and b=1 if more reliable sensors (1.5
dB)

*Fusion:
—Sum product algorithm

—Convergence: under appropriate initial conditions on
covariances, means converge to correct means

QThis generalizes to arbitrary sensor network configurations result of
Rusmevichientong and Van Roy (Feb 01) for a fully connected graph and
2 factor nodes
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