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Sensors are being used 1n a variety of domains

* Industry
 Medicine

 Wireless communications

* Aerospace engineering
* Biomedical engineering
* Civil engineering

* Environmental study

 Robotics

Boston Dynamics
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Optimal Sensor Placement

7 Why optimal sensor placement is important?

‘/ Limited number of sensors:

Economical interest: reducing the price EB

Energy: reducing the required energy for the power supply

Weight: making the products as light as possible

Computational complexity: reducing computational cost

Ergonomic design and arrangement e¢.g. motion capture
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Optimal sensor placement
for source extraction
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Optimal Sensor Placement for Source Extraction

. Goal: extract the source s(t) from a set of noisy measurements

yXar0) 2> 5(t)

(noisy measurements) (source)

environmental noise:

n(x,1t) \

o NS e [yl ) = alx)s(t) Hnx, )
spatial gain: ———- i :
o ',\l"{\,\\{\l——“f _____ o y(xg,t) = a(x2.)3(t) —|—En(x2, t) = y(Xs. 1)
@ "9 o : | | ’
{\|\\; --------- | y(xnr,t) = a(xpr)s(t) +in(xn, t) |
source: 5(t) , — N A

Question: Where to put the set of sensors to have the best source extraction?
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Our approach v.s. classical kriging approaches

y( X, t) = a(Xas)s(t) + n(Xay, )

__________________________________________________________
- SS.

: Stepl
' Xm | Sensor selection | . P
criterion Sten) X Sensor selection
S t ep ________________ criterion
— a(Xum)) | ||
¥ (X, t) | kriging N—_" | | | Source o8
i || : — §(t) Source
' P tract : - > $
extraction y(Xar, t) extraction 5(t)
(a) Kriging approach* (b) Our approach**
* Maximum entropy sampling or : : :
M. C. Shewry et H. P. Wynn. Journal of Applied Statistics , (1987). Optimal Sensor Placement for Signal Extraction
Fateme Ghayem, et.al
* The origins of kriging” ICASSP2019, Brighton, UK
N. Cressie. Mathematical Geology, (1990). DOI: 10.1109/ICASSP.2019.8682432
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Optimal sensor placement for Signal Extraction

v’ Linear source extraction: 5(%) :(::f:?;y(X M, 1)

v" Targeting the output signal to noise ratio (SNR)

/‘

f* —= ( ?\4 ) —1 a(X M) ( Fundamentals of Statistical Signal Processing: Estimation Theory -- Steven M. Kay)
N[“ Max{SNR} > <

_______________________________________

oz = IE[s(t)?]: Variance of the source

R7%, = E[n (t)n¥,(¢)]: Variance of the noise
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Greedy approach
for optimal sensor placement
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Greedy approach for optimal sensor placement

v" Greedy approach: sequentially selecting N < M sensors at a time
ASSHIIlptiOIlZ " X7 isthe union of Xygand Xy @ Xy = { );K }
N

e K sensors are already allocated
Prior knowledge

e Choosing other N sensor locations s Ejncertainty
Modeling assumption: stochastic Gaussian process  ------ > &(X) ~ gP(m“ (X), R* (X, X’))
T A n —1. .'x-\‘n a n — a n — a
J(XN|IXk) = E[aII;JrN( K+N) AK+N Xfé'] — (mK—}—N)T( K—}-N) 1mK+N+Tr[( K+N) ' K—l—N]
= X_ O .
fr = f(Xp) XN:argmaXJ(XN’XK)

XN
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Greedy approach for optimal sensor placement

* Two limitations of greedy approach:

1. Restricting sensor location on a predefined grid

2. Suboptimal solution

* In order to be precise:

Fine grid > High computation cost
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Proposed method:

Gradient-based algorithm with spatial regularization
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Gradient-based algorithm with spatial regularization

Spatial regularization
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Gradient-based algorithm with spatial regularization

Auxiliary variable: zy = Dxy

___________________

J

__________________

————————————————————————

min —J(xpr)s.t. $izy = Dxay,

XMs2zZpyng 00000 S s
0<z; <1ie{l,..., M}
A = {ZM e RM | |z |2> e}
Penalty method: < 1T D “““““ )
' —J —||zps — Dx }
_omin{ = ) + g 2 = Dl

________________________________

s.t. 0< ;<1 ZE{l,,M}
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Gradient-based algorithm with spatial regularization

Alternating minimization: min

XMZ )N EAG

* Stepl: fixing x

1
zg\l} = argmin — ||z — DXE\Z}HS

Z N EAG

v" Solution: projection on to the set A. :

() - (D2
0 DXM() L [|[Dx/ ][5> €
Zyr = Dx\! .
M X(Jl‘{ ~€ , otherwise.
”DXM ”2

1
{ = T(Xa) + o= llzar = Dxr |3}

20

(1

)
+ Step2: fixing Zas 9(Xar> Zar)
/‘ (smooth function)

———————————————————————————

'/
! 1 |
Xg\lj'l) _ argmini{ — J( X)) + 20 Hzg\l} — DXMH%}E
| Q E

______________________________________________

_______________
-~ S
PAg S

X§\l4+1) — Xg\l} - H(\VXMQ(X§\97 Zg\l})/\'} '
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Gradient-based algorithm with spatial regularization

* Projection step: * Gradient step:
Dx ) Jif  |DxY|2> € N
2} ={ D M x ) = x{) - 1V, 9(x31, 247)
—ay5€ ,otherwise.
IDx /I3
dPenalty method: ) 0 Non-convex problem
/']_\\
min — (A i —||lzpr — Dx 2}
xM,zMEAe{ (Xnm) +'\\2a,)| = mllz
st 0 <] 4 c {1 M) v’ Initialization with the solution obtained by
Tt U the greedy approach

ap+1 = naj, with 0 < np < 1

o
e ——
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Numerical results
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Numerical Setup

* Synthetically generated data

* D (space dimension): 1

* x :normalized in the range x € [0, 1]
> Size of the spatial grid for greedy initialization: takes different values

» a(x) and n(x): produced from Gaussian processes GP(m(z), C(x,z’'))
> square exponential covariance function Clx,z') = o2 exp(—(z — CE/)2 /(2 ,02))
>m™(x)=0
> m®(x) = >0, i sin® (w;mx)

> P and O : taking different values
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Influence of the 1nitialization

20
Conclusion:
15+ e 1. :
* Greedy initialization leads to a better extraction of the source
0 compared with using regularly-spaced initialization.
E/ * Proposed method improves the SNR compared to the greedy
=
N 5l approach.
* Proposed method with regularly-spaced initialization is worse
— Greedy
Or — Proposed (regularly spaced initialization) than greedy approach.
Proposed (greedy initialization)
5 | | | | Grid size : 100
0 > 10 15 20 25 0 =3 0n — SNR: 0.8 dB
M 0.001 0.01
a — Y. n — U.UlPq
(number of sensors) g g M(M=-1) ;
lower bound € on ||Dx||5 €= —5— x 10~
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Regularizing sensors distances

Greedy SNR: 29.2 dB (initial SNR)
g 15 | r? : | |
S & 10- | Gridsize : 320
TR kil [
A 0 ? Q\T | | | T f | | “
0 0.02 0.04 0.06 0.08 ’__Q__1_______________(?_)__1_?_\ 0.14 0.16 0.18 | 0, —» SNR:0.8dB
Proposed (e = 0. 5) SNR:322 dB| | pa =0.001
15 | S C { _ 1
S B10- | e = 0.01p,
(}3% E 5 ﬂ _ Number of desired sensors: M=15
0 | | | | | | | | lower bound € on ||Dx||3 .
0 0.02 0.04 0.06 0.08 0.1 0.12 0.14 0.16 0.18 :
________________________ € = M(M-1) X 10—3
Proposed (e = 1) SNR: 31.5 dB ?
5 15 \ T ¥ 1 T
2.5 10 JI -
EH j [
0 T \ \ \ \ \ \ \ \
0 0.02 0.04 0.06 0.08 0.1 0.12 0.14 0.16 0.18
X
Conclusion: (sensor positions)

* Increasing € leads to increasing the average distance between the sensors with a slightly decrease of the output SNR .
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Effect ot the smoothness parameter

38
6. —Greedy o
—Proposed (greedy initialization) Grid size : 100

<A

Z On — SNR:2dB

n 32 I pe = 0.001
30 - ] pn = 0.01p,
o8 | lower bound ¢ on |Dx||3 .

107 10 Oa 102 107 e = MOI=1) o 13
(smoothness parameter)
< ®
Very non-smooth Very smooth
Conclusion:

* In non-smooth cases, the performance of the greedy method deteriorates much faster than the proposed method.
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Conclusions & Perspectives
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Conclusions Perspectives

* The problem of optimal sensor placement for signal « An explicit constraint on each distance between

extraction: Maximizing the output SNR pair of sensors

* A new gradient-based method: searching for the
sensor locations over the whole space and adjusting * Other global optimization algorithms to avoid
the sensors locations at once. convergence to a local optimum

* Using a spatial regularization constraint.
 Initializing with the solution of the greedy approach

 Numerical simulations:

> Improvement of the output SNR compared to
the greedy approach

> Being able to control the average distances
between the sensors

Thank you!
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