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Conclusions	
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OUR	
  STRATEGY:	
  Heartbeat	
  Neuro-­‐Fuzzy	
  Classifier	
  for	
  WBSNs	
  

WBSN	
  in	
  Healthcare	
   CHALLENGE:	
  On-­‐node	
  ClassificaIon	
  PROPOSAL:	
  SelecIve	
  Advanced	
  DSP	
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•  Wireless	
  Body	
  Sensor	
  Nodes	
  (WBSNs)	
  are	
  
wearable	
  devices	
  used	
  to	
  perform	
  health	
  
monitoring	
  (e.g.	
  cardiac	
  monitoring[1])	
  

•  ConInuous	
  advanced	
  Digital	
  Signal	
  
Processing	
  (DSP)	
  is	
  typically	
  embedded:	
  
+	
  Less	
  transmission	
  à	
  Energy	
  Efficiency	
  
-­‐	
  Unnecessary	
  when	
  nothing	
  happens	
  
 (most	
  of	
  the	
  =me!)	
  

•  Detailed	
  analysis	
  is	
  only	
  triggered	
  in	
  the	
  
presence	
  of	
  abnormaliIes	
  

Necessity	
  of	
  	
  efficient	
  and	
  accurate	
  detector:	
  
Heartbeat	
  Classifier	
  

ProhibiIve	
  problem	
  size	
  
•  Big	
  heartbeat	
  representa=on	
  
•  Large	
  set	
  of	
  features	
  needed	
  
àà	
  WBSNs	
  are	
  very	
  resource-­‐constrained	
  

1	
  

Complexity	
  of	
  exisIng	
  alternaIves	
  
•  Based	
  on	
  costly	
  manipula=ons	
  (e.g.	
  

SVMs	
  with	
  Gaussian	
  kernels)	
  
àà	
  IncompaIble	
  with	
  WBSNs	
  

2	
  

Training	
  process	
  
•  Unknown	
  a-­‐priori	
  set	
  of	
  features	
  
•  Tight	
  clinical	
  classifica=on	
  constraints	
  
àà	
  Need	
  for	
  a	
  proper	
  training	
  framework	
  

3	
  

OpImized	
  Neuro-­‐Fuzzy	
  Classifier[4]	
  (NFC)	
  
•  Adapted	
  Feed-­‐Forward	
  neural	
  structure:	
  
-­‐	
   	
  Linearized	
  Membership	
  Func=ons	
  (MF)	
  
-­‐	
   	
  Rescaled	
  overflow-­‐free	
  fuzzifica=on	
  
-­‐	
   	
  Unbalanced	
  de-­‐fuzzifica=on	
  decision	
  

2	
  

•  16-­‐bit	
  integer	
  implementa=on	
  
•  Compressed	
  RP-­‐matrix	
  representa=on	
  

to	
  lower	
  memory	
  footprint	
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Dimensionality	
  ReducIon	
  
•  Random	
  Projec=on[2]	
  (RP)	
  of	
  heartbeat	
  

provides	
  	
  a	
  reduced	
  set	
  of	
  coefficients	
  

	
  
•  Principal	
  Component	
  Analysis[3]	
  (PCA)	
  
•  Signal	
  down-­‐sampling	
  
•  Fiducial	
  Point	
  Delinea=on[1]	
  (FPD):	
  On-­‐

set,	
  peak	
  and	
  end	
  of	
  main	
  ECG	
  waves	
  

1	
   Cross-­‐plaZorm	
  Two-­‐Step	
  Training	
  Framework	
  
•  Itera=ve	
  training	
  based	
  on	
  a	
  Gene=c	
  

Algorithm	
  performed	
  on	
  PC	
  
•  Test	
  of	
  op=mized	
  NFC	
  on	
  the	
  WBSN	
  

•  Op=miza=on	
  selngs	
  to	
  drive	
  GA	
  
-­‐	
  Abnormal	
  RecogniIon	
  Rate	
  (ARR):	
  High	
  
Sensi=vity	
  to	
  abnormali=es	
  (min.	
  95%)	
  
-­‐	
  Normal	
  Discard	
  Rate	
  (NDR):	
  Maximize	
  
heartbeats	
  discarded	
  for	
  detailed	
  analysis	
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•  Evalua=on	
  Framework:	
  
-­‐	
  IcyFlex	
  SoC	
  (6	
  MHz,	
  96	
  KB	
  of	
  RAM)	
  
-­‐	
  3	
  classes	
  of	
  heartbeats	
  from	
  
MIT-­‐BIH	
  Arrhythmia	
  Database[5]	
  

•  Best	
  Approach:	
  RP	
  +	
  FPD	
  
	
  

 MIT-BIH DB #Heartbeats 
Normal 74064 

Premature Ventricular 
Contraction 6608 

Left Bundle Branch 
Block 8032 
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•  SelecIve	
  Advanced	
  DSP	
  allows	
  for	
  higher	
  energy	
  efficiency	
  
in	
  WBSNs	
  used	
  for	
  cardiac	
  monitoring	
  

•  On-­‐node	
  classifica=on	
  can	
  be	
  accurately	
  performed	
  if	
  
-­‐	
  Problem	
  dimensionality	
  is	
  reduced	
  à	
  RP	
  +	
  FPD	
  
-­‐	
  An	
  op=mized,	
  yet	
  efficient	
  scheme	
  is	
  used	
  à	
  NFC	
  

•  Up	
  to	
  21%	
  energy	
  savings	
  can	
  be	
  obtained	
  thanks	
  to	
  
-­‐	
  Duty	
  cycle	
  reduc=on	
  (up	
  to	
  60%)	
  
-­‐	
  4x	
  reducIon	
  in	
  transmission	
  bandwidth	
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