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Overview 
•  Background and IntroducGon 
•  Automated Demand Response Programs in California 
•  Case Study: IKEA East Palo Alto 
•  Understanding load and shed variability 
•  Future DirecGons 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Background and IntroducGon 
•  OpenADR: Open Automated DR 

CommunicaGon SpecificaGon Published 
April 2009 

•  Automated DR signaling system that 
uses uGlity‐provided price, reliability, or 
event signals to automaGcally trigger 
customers’ pre‐programmed energy 
management strategies  

•  One of 1st 16 NIST Smart Grid Standards 
– used in > 250 faciliGes in California 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DR Control Strategies Evaluated in Previous Research 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Over 50 Control Vendors Have Implemented the Client  



OpenADR Used in California DR Programs 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Investor‐Owned 
UGlity 

Year  Program  Automated Signal DescripGon  # of DR 
events 

Pacific Gas & Electric 
(Managed by 3rd 

party) 

2007‐present  Cri*cal Peak Pricing (CPP)  Mod. Price: 12‐3pm 
High Price: 3‐6pm 
Normal Price: Other 

Max 12 

2007‐present  Demand Bidding Program (DBP)  Standing bid with normal, 
mod., or high levels for each 
hour before noon and 8pm 

Varies by year 
(no min/max) 

2008  Business Energy Coali*on (BEC)  High prices to indicate event  Varies by year 
(no min/max) 

2009‐present  Peak Choice (PC)  Similar to DBP; more choices  Varies by year 

2009  Par*cipa*ng Load (PLP) 
(wholesale) 

Normal, mod., high; load level  Varies by year 

2010  Peak Day Pricing (PDP)  High price between 2‐ 6pm  Max 15 

San Diego Gas & 
Electric 

(Managed In‐house) 

2007‐present  Capacity Bidding Program (CBP)  High prices indicate an event 
to aggregators 

Varies by year 

Southern California 
Edison 

(Managed In‐house) 

2007‐present  Cri*cal Peak Pricing (CPP)  Similar to PG&E’s CPP  Max 15 

2007‐present  Demand Bidding Program (DBP)  Standing bid with normal, 
mod, or high levels for each 

hour between 12‐8pm 



OpenADR Used in California in 274 Sites 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Large Aggregated Automated Demand Response 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Cumulative Shed on 7/9/08 

OpenADR Application Impacts 
PG&E Demand Bid Test Day (all participants) 



OpenADR Capability in California 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OpenADR projects have or soon will also be in Seattle, New York,  
Chicago, Florida, Canada, India, Korea, and Australia 





VariaGon of 22 Automated CriGcal Peak 
Pricing –Sites Between 2006‐2008 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IKEA East Palo Alto 

•  2‐story, 300,000 e2 facility,  43 rooeop packaged units 

•  Maximum weekday demand is 1.2 MW 
•  Maximum weekend demand is 1.4 MW 

•  ParGcipated in CPP from 2006‐2009 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DefiniGons of DR Parameters 
InvesGgated 

•  Average Demand Shed (kW): average 
power shed during CPP event (3‐6 pm) 

•  Shed Maintenance (standard devia8on of 
demand shed) (kW): standard devia*on of 
power shed during CPP event (3‐6 pm) 

•  Percent Maximum Power (%): actual 
maximum daily demand divided by 
baseline‐predicted maximum daily demand 

•  Percent Energy Used (%): actual daily 
energy use divided by baseline‐predicted 
daily energy use 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Average CPP Residual: 
Actual Load – Baseline Load 



Change in DR Parameters for  
2006 to 2008 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Understanding Shed Variability (1) 
We can plot demand reducGon per event… 

But shed are es*mate using a baseline model… 
•   Baseline models have error so all reducGon esGmates also have error. 

•   The more variable the building is, the larger the baseline model error, 
and the larger the error associated with the DR esGmate. 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Understanding Shed Variability (2) 

Shed variability 

•  building is not variable 

•  baseline model error is small 
•  shed error is small 

What is causing variability? 

•  buildings op*ng‐out (unlikely) 

•  DR event‐driven behavior change 

•  others reasons? 

No significant shed variability: 

•  building is variable 

•  baseline model error is large 

•  power shed error is large 

  The variability you see in the plot 
 could be from error associated with baseline model. 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Future DirecGons with AutomaGng DR 

•  Linkage between energy efficiency, peak load 
management, and demand response 

•  MulG‐Gme scale of DR to allow more grid 
scale renewables  

•  Dynamic rates 

•  FormaGon of OpenADR Alliance 

•  Building Codes and Title 24 

17 Lawrence Berkeley Na*onal Laboratory 


