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Body area networks

System coupling bio-sensors on people and wireless networks

Body
Area
Network

Goals

1. Real-time monitoring
2. Feedback and interventions

{EMG Emergency

Caregiver

NetwoN - Medical Server
~* Coordinator

Physician
Accelerometer y

Design challenges

1. Data heterogeneity
2. Communication constraints
3. Energy constraints



Sensors

S1

S2

Basic framework

Wireless
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Scheduler
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Communication constraint

At most one packet can be transmitted

Estimators




Related work:

Rabi et al - Int. J. Rob. Non. Cont. 2009
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Shared channel, contention-based MAC

Xia, Gupta and Antsaklis - TAC 2017
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Estimation

e CSMA scheduling
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e Scheduling fixed
- Static: TDMA, randomized, ...
- Dynamic: max-scheduling
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Related work: Control

Cervin and Henningsson - CDC 2008
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¢ Joint CSMA type scheduling and control

communication
network
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Our goal

No assumptions on the scheduler or the estimators

Find jointly optimal scheduling and estimation policies

One-shot problem
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Simplest problem: two sensors

Sensors Estimators
Sl Xl 771 = X1
Scheduler
X1 1L Xo S, X1 or X Wireless
y g Network
E[X;] =

X5 X
So N2 +—— X5
Decision variable Scheduling policy Estimation policy

Ue{0,1,2} U =~(X1, X2) Xz‘ = n;(Y3)



Simplest problem: two sensors

Sensors Estimators
S1 X, mn —— X1
Scheduler
X1 1L Xo S, X1 or X | Wireless
R g Network
E[X,] =
X9 .
82 N2 —— X5
Decision variable Scheduling policy Estimation policy
U c{0,1,2} U = ~(X1,X2) X; = ni(Y7)

Find scheduling and estimation policies
that jointly minimize the following cost

m%/I}?HI}?IZG \7(,777717772) =E (Xl o X1)2 + (X2 - X2)2] t+C- P(U 7é O)
» 111572
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Silence symbol

Unicast information structure

U=0
1 — X
Y; =S { !
S | Unicast
"7 Network
Ys =S .
2 — X,

10



Unicast information structure

S

Silence symbol
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Unicast
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Unicast information structure

S

Silence symbol

mi— X

Unicast
Network
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Signaling

Coupling between scheduling and estimation policies

minimize J(7,11,m) = E (X1 — X1)? + (X — X2)2| + ¢+ P(U #0)
Y,M1,12

Nonconvex!
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Signaling

T(mm) =B (X1 = X1)* + (X2 = X2)?| + ¢ P(U #0)

Xz always depends on X4
even if X7 1l Xo

A

Xo = E[Xy | Yo =S]

1 = E[X, | (X1,X5) € Ag UA]

X, # E[X5], in general
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Max-scheduling

Max-scheduling policy

A {0 if |z, [z2| < Ve

arg max |r;| otherwise
1

—U

Estimation policy

ean 0 if y=S
i (y)A{

x;, it y=ux;

U =2
U=0
U=2
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Main result

Theorem X, 1 X,

fx, and fx, are continuous, symmetric and unimodal densities

max mean

» T

mean

,m5*°%") is a globally optimal solution

(y
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Main result

Theorem X, 1l X,

fx, and fx, are continuous, symmetric and unimodal densities

(ymax, pirean prean) is a globally optimal solution
A T2
U =2
The optimal scheduling policy does not
Ul Us0 Uy depend on the variance of the observations!
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Sketch of proof

Lemma 1

The optimization problem can be cast in R?

T(¥,m1,m2) =E [(X1 — X1)? + (X2 — X2)?| +c-P(U #0)

For any given -y

n; (Y) = a0
E[X; | v(X1,X5) #1] if y=S

N

4

T Representation point
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Sketch of proof

For any given (21,4) € R?

0 if |z1 — 21| < Ve, |ma — 22| < Ve
Y (21, 22) =41 if |z1 — 21| > Ve, |z — 21| > |2o — 29

2 otherwise

QG

(5%1,@2) = E [mm {(Xl — C%l)Q -+ (X2 — 5%2)2, (Xl — £1)2 —+ C, (X2 — 5%2)2 -+ C}]

minimize j(:?:l, T2)
(5%1 ,ZEQ)GRQ
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Finite dimensional cost function
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Sketch of proof

Lemma 2

(0,0) is a global minimizer of J (&1, &)

|

0 if |z1 — 21| < Ve, |wa — 22| < Ve
Y (21, 22) =1 if |z1 — 21| > Ve, |x1 — 21| > |xe — 29
\2 otherwise

|

Max-scheduling policy

max A 0 if ‘5131‘, ‘$2| < \/E
(3717372) —

| argmax |x;| otherwise
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j(f1,§7277717772) L2 E [min{(Xl —31)° 4 (X2 — 22)%, (X1 — m1(X2))* + ¢, (X2 — m2(X1))? + c}]

Nonconvex, infinite dimensional!
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Theorem

(v

Broadcast networks

X1 1L Xo

fx, and fx, are continuous and symmetric densities

max mean

» T

mean

, M5 °%") is a person-by-person optimal solution

A% s optimal for nteat, nytean

mean

Ui

mean

, 105 are optimal for ~™a*

N

Necessary but not sufficient for global optimality
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Application to linear systems
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\ Scheduler

First-order linear systems

Xi(k+1)=A,X;(k) + W,(k)
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First-order linear systems

U=2
max-scheduling —U=1— U=0 —U=1—,
U=2
\4
2.(k) = A Xi(k—1) if Y;i(k)=S “Kalman-like”
Z A X;(k—1)+ E;(k) if Y;(k)= (i, E;(k))  Estimator

Lipsa and Martins, TAC 2011 Nayyar et al., TAC 2013 Xia et al., TAC 2017 Xu and Hespanha, CDC 2005 26



Remarks

1. Optimal scheduling and estimation strategies for iid state estimation

e Global optimality for unicast networks
e Person-by-person optimality for broadcast networks

2. Our results hold for vectors and arbitrary number of sensors

3. Application to the scheduling of first order LTI systems

Despite the lack of convexity, we found a globally optimal solution
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Future work

e Sequential problem formulations:

1. First order LTI with aggregate error cost
2. 11D sources with limited number of transmissions

Sensors Estimators
S1 m L > X (k
X1(k) v, (k) 1(k)
\ Scheduler
Ey (k) Wireless
i Network
/ Ya(k) A
s, | Xa(k) Ny —> Xo(k)

T(mm) = Y| (Xa(k) = X1 (k) + (Xa(k) — Ka(k))?| + - P(U(K) £ 0)
k=1
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Sketch of proof

Lemma

(0,0) is a global minimum of J (&1, Z2)

j(fla@):/ [/9(53175131;5332751?2)le(5131)de1 fx, (z2)dzo
R | JR

g(Z1,x1;Ta, T2)
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Sketch of proof

j(j\jlvﬁa):/ |:/g(jjlaajl;:%%xQ)le(xl)dajl sz(x2)dx2
R R

fx:(z1)

9(3A71>$13 fg,ﬂ?g)

T (&1,29) > J(0,32) = & =0

)

Follows from Hardy-Littlewood inequality
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