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Solar	+	Wind	outpaces	DR	

hLp://www.energy.ca.gov/almanac/electricity_data/electric_generaSon_capacity.html	
FERC	Assessment	of	Demand	Response	and	Advanced	Metering	Staff	Reports:	2010-2016.	
CAISO	Demand	Response	Barriers	Study	2009.	

California	State	Legislature:	1,325	
MW	of	grid	storage	

However,	DR	has	not	kept	up	with	
renewables.	

Demand	Response	(DR)	is	one	of	the	approaches	considered	to	help	integrate	
renewable	energy	into	the	grid.	

Goal:	Increase	reliable	DR	adopSon	
Approach:	Incorporate	Customer	UncertainSes	
Challenges:	

Customer	uncertainCes	
Baseline	

Mandatory	DR	to	baseline	may	be	
costly	at	certain	Smes.	

UMass	Trace	Repository:	Smart*	Data	Set	

Voluntary	DR	is	not	dispatchable	for	a	
Load	Serving	EnSty	(LSE).	

vs.	

-  LSE	does	not	know	each	of	the	customer’s	
uncertainSes.	

-  Only	fully	mandatory	DR	has	customers	
take	some	responsibility.	

DR	and	Capacity	Planning	

𝑡=0	

Sme	
Capacity:	𝜅	
DR	policy:	𝒙(𝐷,𝜹,𝑪(∙))	

𝑡>0	

Planning	Decision	

Aggregate	mismatch:	𝐷	

Real-Cme	RealizaCon	

Individual	mismatches:	𝜹	
Customer	Costs:	𝑪(∙)	
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Long-term	Social	Cost	Problem	

​​min┬𝜅,𝒙  ⁠​𝐶↓cap (𝜅)+ ​𝔼↓𝐷,𝜹,𝑪(∙) [∑𝑖↑▒​𝐶↓𝑖 (​𝑥↓𝑖 ) + ​𝐶↓𝑔 (𝐷−∑𝑖↑▒​𝑥↓𝑖  )] 	
s.t.	

​​max┬𝐷,𝜹  ⁠{𝐷−∑𝑖↑▒​𝑥↓𝑖  } ≤𝜅,	​​min┬𝐷,𝜹  ⁠{𝐷−∑𝑖↑▒​𝑥↓𝑖  } ≥−𝜅	

OpCmal	SoluCon	

Minimize	expected	social	cost	with	capacity	constraints:	

where	​𝐶↓cap (∙)	and	 ​𝐶↓𝑔 (∙)	are	the	costs	to	the	
LSE	for	purchasing	and	uSlizing	reserve	capacity,	respecSvely.	

Real-Sme	OpSmal:	allow	𝒙	to	be	different	for	any	𝐷,𝜹,𝑪(∙).	−𝜅< 𝐷−∑𝑖↑▒​𝑥↓𝑖↑∗  <𝜅	​𝐶↓𝑖 ′(​𝑥↓𝑖↑∗ )= ​𝐶↓𝑔 ′(𝐷−∑𝑖↑▒​𝑥↓𝑖↑∗  )	
(non-binding	capacity	constraint)	 (equal	marginal	costs)	

OpSmal	capacity:	 ​𝐶↓cap↑′ (​𝜅↑∗ )= ​𝔼↓𝐷,𝜹,𝑪(∙) [𝜃(​𝜅↑∗ )]	
where	𝜃(𝜅)	is	the	sum	of	the	real-Sme	dual	variables	for	the	capacity	
constraints.	 DR	Contract	Design	
Linear	contract:	 ​𝑥↓𝑖 (𝐷, ​𝛿↓𝑖 )= ​𝛼↓𝑖 𝐷+ ​𝛽↓𝑖 ​𝛿↓𝑖 + ​𝛾↓𝑖 	ü  Simple	and	easy	to	implement	

ü  Real-Sme	OpSmal	form	for	quadraSc	cost	funcSons	

Theorem	1:	The	Long-term	Social	Cost	Problem	with	the	Linear	Contract	is	a	
convex	opSmizaSon	problem.	

IncenCve	payment	to	Customer	𝒊:	 ​𝜋↓𝑖 ​𝛼↓𝑖 + ​𝜆↓𝑖 ​𝛽↓𝑖 + ​𝜇↓𝑖 ​𝛾↓𝑖 	
Prices	(​𝜋↓𝑖 , ​𝜆↓𝑖 , ​𝜇↓𝑖 )	separate	the	social	
cost	problem:	

​​min┬​𝛼↓𝑖 , ​𝛽↓𝑖 , ​𝛾↓𝑖   ⁠  	​ ⁠​𝔼↓𝐷, ​𝛿↓𝑖  [​​𝐶 ↓𝑖 (​𝛼↓𝑖 𝐷+ ​𝛽↓𝑖 ​𝛿↓𝑖 + ​𝛾↓𝑖 )]−(​𝜋↓𝑖 ​𝛼↓𝑖 +​𝜆↓𝑖 ​𝛽↓𝑖 +​𝜇↓𝑖 ​𝛾↓𝑖 ) 	
Customer	𝑖				

LSE	

​ ⁠​𝐶↓cap (𝜅)+ ​𝔼↓𝐷,𝜹 [​𝐶↓𝑔 (𝐷−∑𝑖↑▒(​​𝛼 ↓𝑖 𝐷+ ​​𝛽 ↓𝑖 ​𝛿↓𝑖 + ​​𝛾 ↓𝑖 ) )] 	​​min┬​𝜶, ​𝜷 , ​𝜸 ,𝜅  ⁠  	 +∑𝑖↑▒(​𝜋↓𝑖 ​​𝛼 ↓𝑖 +​𝜆↓𝑖 ​​𝛽 ↓𝑖 +​𝜇↓𝑖 ​​𝛾 ↓𝑖 ) 	

Distributed	Algorithm	

0.			IniSalize:	LSE	sets	(𝝅,𝝀,𝝁)≔0	and	iteraSon	

𝑘=0.	

1.  Each	customer	solves	its	separated	problem	for	(​𝛼↓𝑖 , ​
𝛽↓𝑖 , ​𝛾↓𝑖 )	and	sends	to	LSE.	

2.  LSE	solves	its	separated	problem	for	(​𝜶, ​𝜷 , ​𝜸 ),	updates	
prices:	

𝜂=(𝜁/𝑘)/ ​||(​𝜶, ​𝜷 , ​𝜸 )−(𝜶,𝜷,𝜸)||↓2 	𝑘≔𝑘+1	

(​𝜋↓𝑖 , ​𝜆↓𝑖 , ​𝜇↓𝑖 )≔(​𝜋↓𝑖 , ​𝜆↓𝑖 , ​𝜇↓𝑖 )+𝜂((​​𝛼 ↓𝑖 , ​​𝛽 ↓𝑖 , ​​𝛾 ↓𝑖 )−(​𝛼↓𝑖 , ​𝛽↓𝑖 , ​𝛾↓𝑖 ))	and	sends	to	customers.	
3.			Repeat	Steps	1-2.	

Theorem	2:	The	trajectory	of	prices	converges	to	the	opSmal	Linear	Contract	
prices	for	Long-term	Social	Cost.	

Adding	Flexible	Commitment	
To	avoid	high	customer	cost	periods:	

Level	of	Commitment	𝜌	 Customer	commits	to	𝜌	fracSon	
of	Smeslots	to	follow	the	Linear	

Contract	based	on	realized	​
𝐶↓𝑖 (∙)s.	

𝜌	
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Level	of	Commitment	

Lowering	the	Level	of	Commitment	from	𝜌=1	reduces	Social	Cost.	

Wind	Capacity	(kW)	
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Linear	Contract	Social	Cost	is	within	10%	of	
OpSmal	Social	Cost.	

(1−𝜌)	of	highest	​
𝐶↓𝑖 (∙)	Smeslots	can	
be	avoided.	

Proposed	control	laws	lower	cost	
closer	to	the	opSmal:	

Theorem	1:	An	equilibrium	point	of	
the	system	using	the	proposed	control	
laws	achieves	the	minimum	cost.	

Theorem	2:	The	system	using	the	
proposed	control	laws	will	
asymptoScally	converge	to	an	
equilibrium	point.	

Current	distributed	Frequency	Control	laws	assume	that	the	costs	between	
locaSons	are	independent.	

Problem:	Networks	of	Data	Centers	have	addiSonal	costs	that	are	
interdependent	between	locaSons.	

Our	SoluCon:	Proposed	set	of	distributed	control	laws	that	take	into	account	
interdependent	costs.	

TradiSonally,	data	center	capacity	planning	and	operaSonal	management	are	
done	separately.	

Problem:	Data	Centers	have	a	large	potenSal	to	parScipate	in	DR	but	don’t.	

Our	SoluCon:	Propose	a	framework	that	jointly	opSmizes	both	capacity	planning	
and	operaSonal	management	for	data	centers	parScipaSng	in	demand	response	
programs.	

	
	
	
	
	

44%	cost	savings:	
Workload	sources	

Geo-distributed	data	centers	

	
	
	
	
	

	
	
	
	
	

50%	cost	savings:	 75%	emission	reducCon:	

Cloud	providers	can	significantly	benefit	from	mulS-Smescale	electricity	
markets	by	purchasing	some	of	the	needed	electricity	ahead	of	Sme	at	
cheaper	rates.	
Problem:	Real	world	dynamics	make	energy	procurement	strategy	a	
challenge.	
Our	SoluCon:	Propose	two	algorithms	for	geo-distributed	data	centers	that	
uSlize	mulS-Smescale	markets	to	minimize	the	electricity	procurement	cost.	


