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	  	  	  	  	  	  	  	  	  	  	  	  	  	  constraint:	  

#	  sensors	  in	  the	  network	  

Measurement	  vector	  at	  &me	  k	  

N1	   N2	   N3	   NK-‐1	   NK	  

Mul&variate	  Gaussian	  model:	  	  

predicted	  state	  es&mate	  at	  &me	  k	  
(predicted	  belief	  state)	  
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Framework	  
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Which	  sensors	  to	  communicate?	   How	  may	  samples	  to	  request?	  
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The	  MMSE	  Markov	  chain	  system	  es5mate	  at	  5me	  step	  k	  is	  recursively	  defined	  as	  
	  
	  
with	  
	  
	  
	  
	  
	  

Theorem	  

ini&al	  distribu&on	  	  
over	  states	  

transi&on	  
probability	  matrix	  condi&onal	  

covariance	  
matrix	  of	  
predic&on	  

error	  

•  Condi&onal	  pmf	  over	  system	  states	  

	  
	  
•  KALMAN-‐LIKE	  recursive	  structure	  

(Proof	  by	  innova&ons	  theory)	  
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MMSE	  state	  
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(belief	  state)	  

Expected	  future	  cost	  

Op=miza=on	  Problem	  

•  par&ally	  observable	  stochas&c	  control	  problem:	  

Op=mal	  Solu=on	  

•  Stochas&c	  dynamic	  programming:	  
Current	  cost	  

Op=mal	  
cost-‐to-‐go	  

MMSE	  state	  es=mator	  
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Control	  Policy	   Detec&on	  Accuracy	  

ACC	  1	  only	   74%	  
ACC	  2	  only	   77%	  
HRM	  only	   40%	  
Op&mal	  
(adap&ve)	   87%	  

Ap
pl
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a&

on
	   Physical	  Ac&vity	  Detec&on	  

Body	  sensing	  	  
network	  	  	  

accelerometers	   heart-‐rate	  	  
monitor	  

•  Very	  good	  tracking	  performance	  

•  Adap=ve	  resource	  alloca=on	  is	  beneficial	  

Trace	  of	  filtering	  error	  
covariance	  matrix	  

Nonlinear,	  sta5s5cs	  
and	  gain	  dependent	  


