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State	  estimation	  of	  power	  systems	  refers	  to	  a	  statistical	  
procedure	   that	   processes	   the	  measurements	   in	   order	   to	  
provide	  the	  most	   likely	  grid	  state	  (i.e.	  voltages,	  currents,	  
power	  Alows,	  etc.).	  
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Problem:	  
the	  KF	   is	   not	   able	   to	   track	  
state	   step-‐variations	   if	   the	  
process	   model	   uncertainty	  
remains	  unchanged	  !	  

   x k = x k−1 + wk  zk = Hx k + v k

meas.	  
set	   state	  

meas.	  
noise	  

process	  
noise	       ∼ N (0,Q)

(known,	  linear,	  exact)	   (	  Qk	  is	  unknown	  !	  )	  
Process	  	  model	  

Grid	  state	  step-‐variation	  

    ∼ N (0,R)

   

yk = zk − Hx k

Sk = H !PkH
T + R    

!x k = x̂ k−1

!Pk = P̂k−1 +Qk

    

K k = !PkH
T + Sk

−1

x̂ k = !x k +K kyk

P̂k = (I −K kH) !Pk

Kalman	  Kilter	  equations	   The	  PECE	  method	  
(	  Prediction	  Error	  Covariance	  Estimation	  )	  

    Ĉk = H  !Pk   HT + R

   Ck = cov(yk ,...,yk−N+1)
   

min
Σk

− log detΣk( ) + trace ΣkCk( ){ }
subject to:   Σk ≥ 0

                  R−1 − Σk ≥ 0

   Ĉk = Σk
−1

    
!Pk  estimated
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Conclusions:	  
Ø For	  the	  Airst	  time	  in	  the	  literature	  we	  have	  proposed	  a	  method	  that	  

•  correctly	  estimates	  the	  true	  value	  of	  Pk	  for	  processes	  characterized	  
by	  constant	  noise	  covariances,	  and	  

•  rapidly	   tracks	   the	   system	   state	   subject	   to	   large	   state	   step-‐
variations.	  

Ø Convex	  optimization	  problem	  to	  ensure	  the	  symmetry	  and	  positive	  
semideKiniteness	  of	  Pk.	  	  

Ø Setting	   of	   a	   single	   parameter	  N,	   so	   that	   the	   parameter	   tuning	   for	  
speciAic	  applications	  is	  simpliAied.	  

Ø Off-‐diagonal	   entries	   of	   Pk	   play	   an	   important	   role	   for	   the	   proper	  
tracking	  of	  state	  step-‐variations.	  

Ø Drawback:	  computationally	  expensive	  for	  high-‐dimensional	  systems.	  
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