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Challenges of the Next-Generation Power Grid 
  - Major Adoption of Renewable Resources (20-30%) 
  - Highly Decentralized Generation and Demand   
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Objective 1: Uncertainty quantification in weather 
forecast: A test case with real data 

  Importance in Energy Systems Management  

–  Weather influences both energy supply (wind/solar/thermal) and demand  

–  Accurate weather/climate forecast leads to an efficient proacEve resource management 
(reduces needed reserves and cost, though not consumpEon directly).  

  Weather forecasEng at the renewable energy (RE) system scale (1km) is a grand challeng: 

–  very large‐system, difficult to simulate 

–  ChaoEc,  
–  incomplete/missing physics  

–  unknown iniEal condiEons, uncertain forcings 

–  Lack of informaEon makes determinisEc predicEon impossible, we must quanEfy and 
compute uncertainty in weather forecast (i.e. its probability distribuEon). 

  ObjecEve 1: Is there hope of predicEng the probability distribu(on of weather 
at RE scale opera(onally ?  (24 hour ahead in 1 hour at 1 km)? 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Objective 2: What is the economic impact of using 
weather (and demand/pricing) forecast in energy 
management 
  The impact strongly depends on the decision system and of the way it accounts for 

risk.  
  We posit the decision problem under uncertainty as a stochasEc programming 

problem.  

  Note that we do not expect to reduce consumpEon, (that is design, not 
management), but we expect to be able to reduce cost, and implicitly 
–  Reduce the risk of not meeEng demand 

–  Reduce the peak requirements on power grid and this increase resilience by opEmally  
answering to the appropriate incenEves (such as electricity pricing).   

  QuesEon 2: For realisEc Independent System Operator Problems, Building 
Systems, and Photovoltaic Systems, what are the expected cost reducEons? 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Forecast and Uncertainty 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Uncertainty in dynamical systems: 1. Data 

  Assume a Eme‐discreEzed process  with imperfect iniEal state and forcing 
informaEon and noisy measurements. 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Uncertainty in dynamical systems: 2. the 
posterior.  

  Under the typical 4D Var assumpEons (normality of noise and input and 
independence) we can write down the posterior … 

   A very difficult distribuEon to sample from.  

  SoluEon: first, find the best esEmate of the state.  

  Then, approximate the prior covariance by an ergodic/Gaussian Process 
method. 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Current Time 

Measured  
Outputs 

Unmeasured 
States 

Uncertain 

Uncertainty in Current State        ? 

 Needed To Quan(fy Future Forecast 

WRF  
Model 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Current Time 

Reconcilia(on  Forecast 

• Use some form of an ergodic hypohesis. Take 

• “Guess” the diagonal of the variance matrix 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Covariance Matrix is Huge and low rank (106 x 106) But … 

     ‐ Spa(al Correla(ons Decay Exponen(ally Constan'nescu, et.al., 2007 
      ‐ Covariance Can be Approximated Using Gaussian Kernels  Zavala, Constan'nescu & A, 2009 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Ensemble Forecast Approach – Use WRF as Black‐Box 

     Sample Prior and Propagate Samples of Posterior Through Model 

Confidence Interval 

Forecast 

Measurement 
Valida(on Results, PiZsburgh Area 2006  

5 Day Forecast and +/‐ 3s Intervals 
Building applica(ons 

Hours (August 1st‐5th ) 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Uncertainty quantification and forecast using WRF 

  WRF model: 

  UncertainEes in the iniEal condiEons:  Horizontal 
correlaEon 
distance = 270 km 

empirical 

fiked 
  EvoluEon of uncertainEes through WRF: 

  Uncertainty at the final Eme: 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Closed loop simulation using WRF 

  24‐hour simulaEon window – restart from assimilated soluEon (NARR) every 12 hours 

  Restart ensemble with adjusted spread 
based on error esEmates: 

24 hr 

  Error is underesEmated: increase uncertainty 

×  × 



ImplementaEon and EsEmaEon 
of Necessary ComputaEonal 

Resources 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Ensemble forecast and uncertainty quantification 
with WRF on Jazz 

  ComputaEonal domain setup 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Jazz: 350 nodes; Intel PenEum IV Xeon@ 2.4GHz; 1 or 
2 Gb RAM per node; Myrinet 2000 @ 0.25 GB/s, 6‐8 
μsec latency 

  24 hours [simulaEon Eme] in one hour [real Eme] on 
Jazz with 30 members on 500 processors;  



WRF scalability on Jazz 
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24 hours [simulaEon Eme] ‐> one hour [real 
Eme] on Jazz with 30 members; [2 km]; 
(almost) linear scalability with area 

  ✔ Illinois [2km]: 500 processors 

  ☐ US [2 km]: ~50,000 processors 

  ☐ US [1 km]: ~400,000 processors   

1 member 
24 hours 

Illinois: 

US: 

  Two‐level parallelizaEon scheme – very 
scalable: (A) realizaEons are independent, 
(B) each is parallelized, and (C) explicit 

(A)  

(C)  

(B)   32p/member 

(C)  



ValidaEon of the results 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Wind power measurements and windmill locations 

  Real wind power measurements  for 
Chicago and Peru, IL: 

  Wind turbine locaEons and weather staEons locaEons 
in Illinois: 

  Real wind and temperature measurements for 
hindcast (June 2006) ~every 20 min. 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Wind power is difficult to predict 

  Wind power 
measurements  for 
Chicago 

  DeterminisEc 
predicEon; a new 
one started every 
12 hours 

  Forecast with 
uncertainty 



  Wind/temperature validaEon of uncertainty esEmates with real measurements 

wind  temperature 

  Temporal [trends] and spaEal [similar outcomes] correlaEons provide addiEonal info 

11/17/09 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Validation of the wind/temperature forecast and 
uncertainty 

spaEal  temporal 



OpEmizaEon under Uncertainty 
by StochasEc Programming 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Benefits: Accommodate Forecasts, Constraint Handling, Financial Objec(ves, Complex Models 

Determinis(c 

Stochas(c  

Complexity (Solu(on Time) 

1,000 – 10,000 Differen(al‐Algebraic Equa(ons 

100‐1000 Scenarios 



Solu(on Strategies 

    ‐ Dynamic Programming, Taylor Series: Handling Constraints and Nonlinearity Cumbersome 

    ‐  Polynomial Chaos: Dense Op(miza(on, Mul(variable Quadrature 

    ‐  Sample Average Approxima(on (SAA):  Sparse Op(miza(on, Constraints, General Framework 

Nonlinear Programming: Exploit Fine and Coarse Structures at Linear Algebra Level 



Dynamic  
System Model 

Stochas(c  
Op(miza(on 

Weather 
Model 

Low‐Level 
Control 

Forecast 

Energy  
System 

Set‐Points 

Quan(fying Uncertainty Key Enabler  

Forecast 
&Covariance 

Measurements 



SAA Stochas(c Programming Approxima(on. 

 One weakness of stochasEc programming is that it assumes a 
distribuEon is given. In most applicaEons of interest, the distribuEon has 
to be modeled from data using some knowledge of the applicaEon.  
 If the uncertainty originates in weather forecast, there is a strong 
empirical and theoreEcal basis to create the distribuEon, or, at least to 
sample from it.  
 To our knowledge this is the first Eme even a moderately complex 
energy system was managed using stochasEc programming with real 
and operaEonal weather uncertainty.  



Sequential Decision Making Under Uncertainty: 
Stochastic Dynamic Programming 

  Stoc DP is the most disEnguished framework, 
though rarely (ever ?) approached from HPC.  

  Example: In ProducEon and Inventory Planning: 

–  Recursive Cost at the beginning of stage t : 

–  FuncEonal approximaEon in an T*D (D~1000s) 
dimensional space !!! It suffers from the curse of 
dimensionality … but so does sampling. 

–  Could HPC make inroads?  We believe so but 
development cost restricts us to rolling horizon. 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ApplicaEons 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App 1: The operator’s (ISO-IL) problem Unit 
commitment with wind power generation  

  DeterminisEc problem: 

11/17/09 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Supplier 

  StochasEc program formulaEon: 

[E.M. ConstanEnescu V. 
Zavala, M. Anitescu, M. 
Rocklin, S. Lee] 



  Unit commitment & energy dispatch with uncertain wind 
power generaEon for the State of Illinois, assuming 20% wind 
power penetraEon, using the same windfarm sites as the one 
exisEng today.  

 Full integraEon with 10 thermal units to meet demands. 
Consider dynamics of start‐up, shutdown, set‐point changes 

  The soluEon is only 1% more expensive then the one with 
exact informaEon. 

wind 
power 

11/17/09 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Demand 
Samples Wind 

Thermal 

Wind power forecast and stochastic programming  



  Minimize annual heaEng and cooling costs 

  Time‐varying electricity prices (peak/off‐peak) 

  Forecast with uncertainty leads to 20‐80% cost reducEon 
(insulaEon quality) 

ambient 
temperature 

1hr 

24 hr 

[Zavala, ConstanEnescu, 
Krause, and Anitescu, 2009] 

comfort zone 

  1hr forecast 
24hr forecast 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Ap2: Thermal management of building in Pittsburgh 



Power 
Losses 

Solar 
Radiation 

Storage 

MPPT 

•  Operating Costs Driven by Solar Radiation Ulleberg, 2004 

•  Performance Deteriorated by Power Losses 

Load Demand 

Power 
Losses 

Power 
Losses 



 Reactive   
(No Forecast) 

Proactive  
1Day 

•  Costs Reduced By 300% From 1-Hr to 14-Day Forecast 

•  Close-to-Optimal Profit Achieved with 1 Day Forecast 

14 Day 

1Hr 



 The case for forecast seems clear. But how about 
 (Q1) Do I need StochasEc Programming and uncertainty? 
Maybe if I do determinisEc programming on average it is 
sufficient.  
 (Q2) Do I need WRF to do it? Or can I get by with 
massaging historical data.  

 We Present evidence of Yes on both counts.   



 DeterminisEc strategy (Programming on average) cannot 
saEsfy demand beyond 10% wind penetraEon (The reserves 
help some).  
 Evidence for Q1=Yes. 



Load Sa(sfac(on Determinis(c (“Op(miza(on on Mean”) vs. Stochas(c 

Determinis(c Fails to Sa(sfy Load 

Therefore, the alterna(ve to stochas(c programming can turn out infeasible !! 

Handling Stochas(c Effects Par(cularly Cri(cal in Grid‐Independent Systems where no 

recourse.  

Evidence for Q1=Yes. 



Performance Op(mizer using WRF and GP Model Forecasts. Evidence for Q2=Yes. 

Perfect  
Forecast 

Gaussian Process  
(Data‐only) Model 

WRF  
Model 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