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Unobservable in real-time. Now what?

Pseudo-measurement Generation State Forecasting

1 Vot
o,° 0.0
39 ' ' =)
Cro Chro
Historical Learn & State Historical Historical Learn &
data Generate estimation data State Generate
Pseudo-measurements Estimation States
Py, Q2 = f(P1,Q1) Vi, V5,05 = g(P1, Q1)
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Pseudo-measurement Generation State Forecasting

I o)
“I° °, lolo —[°
)|-O 5y o)
Ney=>— : B =)
Cro )D —0
Historical Learn & State Historical Historical Learn &
data Generate estimation data State Generate
Pseudo-measurements Estimation States
PQ)QQZf( 9 ) V17V2392:f( ’ )
New Features
P27Q2:f( 9 7P27Q2) V17V2792:f( ) 7P27Q2)
Enhanced Pseudo-measurement Enhanced State

Generation Forecasting



Simulation setup
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AccurAacy (RMSE) IN THE ESTIMATION OF THE STATE AND THE POWER

VARIABLES
Method % 0 P Q P, Q,
State Forecasting (SF) 0.021 0.086 22.03 32.84 14.53 21.56
Pseudo-measurements (PM) 0.085 0.097 21.79 32.76 15.87 22.24
Enhanced State Forecasting (SF*) 0.018 0.085 20.06 31.77 13.40 20.96

Enhanced pseudo-measurements (PM*) 0.041  0.087 19.94 31.59 13.48  20.97

* Enhanced versions improve all variables
* SF/SF* minimizes state error

 PM/PM* minimizes power error



ARMSE FOR VARYING VARIABILITY AND MEASUREMENT DATA

PM vs. PM™

Variability # PMU # SCADA ARMSE (V) ARMSE (Sy)

Low D 15 0.015 0.065
Medium 5) 15 0.044 0.729
High 5 15 0.070 1.957
Medium 15 5 0.002 0.070

e Improvement increases as variability rises

e Available measurements that connect
multiple states (SCADA) work better
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