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EXECUTIVE	SUMMARY	

OPTi	(Optimisation	of	District	Heating	and	Cooling	Systems)	aims	to	advance	the	technologies	and	solutions	
for	increasing	the	overall	energy	efficiency	of	DHC	systems.	Work	Package	5	(WP5)	of	the	OPTi	project	focuses	
on	building	the	methods	and	tools	for	enabling	automated	control	and	optimization	of	DHC	systems.	As	part	
of	WP5,	Task	5.3	is	geared	towards	building	tools	and	methodologies	for	Automated	Demand	Response	(ADR)	
for	facilitating	peak	demand	reduction.			

	

This	document	is	divided	into	3	major	sections:	

• ADR	algorithms	and	the	OPTi	ADR	tool:	This	section	details	the	fine-tuning	and	utilization	of	the	ADR	
methodologies	previously	developed	to	suit	the	DHC	environment,	and	also	presents	the	results	of	
the	experiments	conducted	on	data	from	OPTi	trials.	Furthermore,	the	complete	ADR	tool	developed	
as	an	OPTi	asset	is	also	described.	

• Using	OPTi’s	 Virtual	 Knob	 for	 eliciting	 consumer	 feedback	 for	DR:	This	 section	 details	 the	 trials	
conducted	 by	 using	 the	 Virtual	 Knob	 developed	 in	 the	 OPTi	 project	 for	 eliciting	 feedback	 from	
consumers	about	their	thermal	comfort.	The	data	obtained	from	the	trials	is	analysed	and	presented	
along	with	a	discussion	on	the	inferences.	

• Issues	on	ADR	technical	applicability	for	DHC:	The	various	requirements	and	challenges	that	need	
to	be	 addressed	 for	 employing	ADR	 in	DHC	 systems	are	discussed	here	 along	with	 references	 to	
suitable	technologies	that	can	be	used.	

	

Further	details	on	the	graphical	user	interface	aspects	of	the	ADR	tool	are	described	as	part	of	D5.4.	
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1 INTRODUCTION		

The	 OPTi	 project	 develops	 and	 combines	 beyond	 state-of-the-art	 technologies	 and	 solutions	 aiming	 to	
increase	 the	 overall	 energy	 efficiency	 of	 DHC	 systems.	 To	 this	 end,	 the	 main	 objective	 of	 WP5	 is	 the	
development	of	methods	and	tools	 that	enable	the	automated	control	and	optimization	of	DHC	systems.	
Following	 this	 objective,	 Task	 5.3	 focuses	 on	 building	 and	 studying	 automated	 demand	 response	
methodologies.	The	purpose	of	Automated	Demand	Response	(ADR)	is	to	facilitate	peak	demand	reduction	
while	 taking	 into	 consideration	 consumer	 comfort	 and	 preferences	 and	 providing	 the	 consumers	 with	
suitable	economic	incentives.	

In	more	detail	this	document	presents	the	following	work	performed	in	the	context	of	Task	5.3:	

1. The	selection,	fine	tuning	and	utilisation	particularly	in	the	OPTi	DHC	environment	of	a	set	of	ADR	
algorithms	that	were	theoretically	proposed	and	evaluated	in	the	context	of	WP3	(from	the	larger	
set	of	algorithms	proposed	there).	

2. The	evaluation	of	these	algorithms	using	OPTI	trial	data	sets.	For	this	purpose,	appropriate	interfaces	
for	extracting	this	data	from	the	OPTi	data	management	layer	were	used.		

3. The	development	of	the	final	ADR	tool	as	an	OPTi	exploitable	asset,	based	on	the	EMC	prototype	
presented	in	WP3.	The	tool	 includes	a	designated	user	interface	for	providers	and	was	developed	
with	a	java	front	end.	

4. An	analysis	and	discussion	(including	recommendations)	of	how	OPTi’s	virtual	knob	can	be	used	for	
eliciting	user	feedback	in	DR	events.		

5. A	discussion	on	technical	 issues	around	the	ADR	 implementation	 in	DHC	settings	 that	need	to	be	
considered	by	adopters.		

The	aforementioned	contributions	are	presented	in	the	subsequent	sections.	
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2 ADR	ALGORITHMS	AND	THE	OPTI	ADR	TOOL	

2.1 INTRODUCTION		
In	 this	 section,	we	build	on	previous	work	 introduced	 in	WP3,	 i.e.	we	utilise	 the	different	 approaches	of	
applying	 the	 selection	algorithm	presented	 in	D3.2,	 Section	3	and	validate	 them	using	consumption	data	
available	 from	 the	 OPTi	 trials.	 Furthermore,	 to	 visualize	 the	 procedures	 and	 algorithms,	 we	 employ	 the	
economic	modelling	prototype	(EMC)	introduced	in	WP3	and	extend	it	in	order	to	encompass	more	features,	
thus	creating	a	wholesome	tool	for	the	DR	designers,	constituting	one	of	OPTi’s	assets.		

2.2 SELECTED	ADR	ALGORITHMS			
Building	on	the	previous	work	 introduced	 in	WP3,	 i.e.	we	utilize	the	different	approaches	of	applying	the	
selection	algorithm	presented	in	D3.2,	Section	3	and	validate	them	using	consumption	data	available	from	
the	OPTi	trials.		

In	order	to	exploit	the	measurements	available	from	the	OPTi	trial	sites,	we	perform	an	initial	analysis	of	the	
available	data.	For	our	experiments,	we	focus	on	the	residential	environments.	In	particular,	we	consider	two	
different	 buildings/locations,	 namely	 Kompanivägen	 29-31	 and	 Smultronstigen	 16,	 with	 104	 and	 126	
apartments	respectively,	although	the	listed	data	correspond	to	fewer	apartments	that	the	originally	chosen	
ones.	More	information	regarding	the	selected	buildings	and	apartments	can	be	found	in	deliverable	D6.1.	
In	order	to	apply	the	different	targeting	approaches	described	in	D3.2,	measurements	corresponding	to	the	
whole	building	and	each	apartment	should	be	available.	However,	due	to	lack	of	consumption	measurements	
per	apartment	(only	measurements	of	inside	temperature	are	available),	we	use	the	following	heuristic	to	
estimate	the	consumption	values	per	apartment	in	each	building.		

We	assume	a	set	of	buildings	𝐵	consisting	of	a	set	of	apartments	𝑁$.	For	each	apartment	𝑖 ∈ 𝑁$, ∀𝑗 ∈ 𝐵,	the	
average	consumption	𝐶+,$

,-.	is	estimated	as	the	percentage	of	contribution	of	the	inside	temperature	of	the	
apartment	𝑇+,$+0	to	the	inside	temperature	of	the	building	𝑇$+0.	

	
𝐶+,$
,-. = 𝑇+,$+0 ∗

𝐶$
,-.

𝑇$+0
	

(1)	

where	
𝐶$
,-. =

𝑇𝐶$
𝑁

	
(2)	

In	 this	way,	we	obtain	average	consumption	values	 for	each	apartment	 in	each	of	 the	selected	buildings.	
Moreover,	as	demographic	data	for	each	building	and	apartment	is	available,	the	modelling	of	the	buildings	
and	apartments	can	be	performed	based	on	the	CNHA	methodology	presented	in	deliverable	D3.2,	according	
to	which	the	apartments	differ	in	terms	of	physical	characteristics,	i.e.	insulation,	thermal	characteristics,	and	
consumption	 patterns,	 as	 they	 are	 defined	 by	 the	 baseline	methodology.	 Buildings	 and	 apartments	 are	
assumed	to	have	already	signed	contracts,	according	to	which,	when	targeted	for	DR,	they	give	up	control	of	
specific	appliances-	in	our	case	this	refers	to	space	heating	only.	Our	basic	timeframe	in	which	DR	is	applied	
is	 a	 single	day	divided	 into	 timeslots	 (say	1	hour	or	4	 timeslots	of	6-hour	duration),	 indexed	as	𝑡 ∈ 𝑇	 ≔
	{1,2, . . . , 𝑇}.	This	day	corresponds	to	a	known	context.	Furthermore,	we	consider	the	case	where	the	energy	
provider	has	full	information	with	regard	to	the	building	models;	more	specifically,	each	building	manager	
declares	truthfully	to	the	provider	the	comfort	model	of	the	building	that	he	is	responsible	for,	which	in	turn	
is	formed	by	aggregating	the	comfort	models	of	the	apartments	within	the	building.		
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Whenever	 it	 is	 predicted	 that	 the	 total	 demand	will	 exceed	 the	 energy	 provider’s	 supply	 threshold,	 the	
provider	activates	the	ADR	programs	and	resorts	to	targeting	a	subset	of	the	consumers	by	employing	one	
of	the	following	approaches:		

• Targeting	Per	Building	and	Apartment	(TPBA):	first	the	algorithm	selects	among	the	set	of	available	
buildings	and	then	for	each	targeted	building,	the	algorithm		

§ Imposes	 the	 same	 reduction	 in	 consumption	 to	 the	 included	 apartments	 of	 the	 selected	
building	 without	 employing	 any	 additional	 sorting	 criterion	 or	 optimization	 procedure.	
Although,	in	essence,	the	problem	can	be	solved	hierarchically,	in	our	setting	we	assume	that	
the	energy	provider	and	the	building	manager	are	cooperative,	therefore	the	provider	solves	
the	overall	problem	at	the	top	level	and	conveys	the	detailed	solution	per	building	to	each	
building	manager;	 we	 refer	 to	 this	 approach	 as	 Targeting	 Per	 Building	 (TPB)	 in	 order	 to	
distinguish	it	from	the	following	

§ Imposes	a	different	reduction	 in	consumption	to	the	 included	apartments	of	 the	selected	
building	and	afterwards	selects	among	the	set	of	available	apartments;	henceforth,	we	refer	
to	only	this	approach	as	TPBA	

• Targeting	per	Apartment	 (TPA):	 each	apartment	 is	 considered	as	 a	 single	user	 and	 the	algorithm	
selects	directly	among	the	set	of	available	apartments		

In	both	cases,	the	sorting	criterion	remains	the	same;	however,	the	estimation	method	depends	on	whether	
the	targeting	is	performed	at	the	level	of	a	building	(TPBA)	or	of	a	single	apartment	(TPA).	In	the	case	of	TPBA,	
a	second	level	of	optimization	and	targeting	within	each	building	may	also	take	place.			

2.3 EXPERIMENTAL	EVALUATION	WITH	OPTI	TRIALS	DATA		
As	we	described	earlier,	in	order	to	experimentally	evaluate	our	approaches,	we	used	real	consumption	data	
from	2	buildings	with	several	apartments	in	Lulea.	The	data	consists	of	sensor	readings	at	a	granularity	of	one	
hour.	We	assume	that	appliance	level	measurements	for	only	one	appliance	are	available,	i.e.	space	heating,	
due	 to	 the	 restrictions	 imposed	 by	 environment	 in	 Lulea.	 The	 readings	 in	 both	 cases	 for	 the	 evaluation	
presented	below	are	extracted	for	a	given	context,	that	is	weekday	23	January	2017,	and	for	each	day	and	
consumer,	the	recorded	data	is	used	to	obtain	consumption	in	Wh	for	each	time	slot	with	a	duration	of	6	
hours	 during	 the	 day.	 So,	we	 obtain	 the	 optimal	 consumption	 of	 each	 building.	 Employing	 the	 heuristic	
defined	by	Eq.	 (1)	and	 (2),	we	estimate	 the	optimal	 (in	average)	consumption	of	each	apartment	 in	each	
building.		

Let	us	say	that	the	energy	provider	wishes	to	narrow	the	total	demand	by	a	value	∆𝑄	that	amounts	to	10%	
of	 the	 unconstrained	 total	 optimal	 consumption,	 by	 employing	 Policy	 1:	 Constraining	 the	 reduction	 in	
consumption	 that	 is	 described	 in	 deliverable	 D3.1,	 as	 it	 is	 easier	 to	 be	 implemented	 than	 Policy	 2:	
Constraining	the	reduction	in	utility.	Following	(9)	 in	Section	4.3.4	of	deliverable	D3.1,	the	value	of	𝜂=,>? 	
must	be	greater	or	equal	to	10%.		Hence,	we	have	taken	different	values	for	𝜂=,>? 	to	investigate	the	results	
regarding	the	incentives	offered,	the	social	welfare	achieved	and	the	set	of	selected	consumers.	Note	that	
when	applying	TPBA,	we	distinguish	three	approaches	of	implementing	it:	

a) We	 first	 impose	 a	 percentage	 reduction	𝜂=,>? 	 in	 the	 building	 as	 a	whole,	 the	 algorithm	 selects	
among	 the	 available	 buildings	 and	 then	 we	 apply	 the	 same	 percentage	 reduction	 𝜂=,>? 	 in	 the	
apartments	of	each	building	without	applying	any	further	sorting	or	targeting	procedure.	As	already	
mentioned,	we	refer	to	this	approach	as	Targeting	Per	Building	(TPB)	in	order	to	distinguish	it	from	
the	following	

b) We	impose	the	same	percentage	reduction	𝜂=,>? 	in	the	apartments	of	a	building	and	in	the	building	
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as	a	whole.	The	difference	with	TPB	lies	in	the	fact	that	in	this	case	the	algorithm	selects	to	target	for	
ADR	among	the	set	of	available	apartments	within	a	targeted	building;	henceforth,	we	refer	to	only	
this	approach	as	TPBA	

Table	1.	Results	of	targeting	approaches	

Results	of	Targeting	Approaches	(𝑺𝑾 = 𝟔𝟎𝟓𝟒, 𝟕	𝐒𝐄𝐊)	

	 𝜼𝒎𝒂𝒙𝒒 	per	
user	

Targeting	Set	 𝑰(𝐒𝐄𝐊)	 𝑺𝑾(𝐒𝐄𝐊)	 𝑺𝑾𝑩S(𝐒𝐄𝐊)	

TPB	 11%	
B2	

1042,7	 4835,4	
3578,1	

B1	 1257,3	

TPBA	 11%	
B1	(all	apartments)	

280,73	 5581,8	
1516,3	

B2	(72	apartments)	 4065,5	

TPA	 11%	 47	apartments	(19	from	B1	and	28	
from	B2)	 806,23	 6035,0	 -	

Table	1	depicts	 the	 results	of	 the	 targeting	approaches	 for	 each	modelling	 case.	Consumers	 are	 listed	 in	
ascending	order	of	𝑢𝐼$ 	(the	incentive	per	unit	of	reduction	for	each	building)	and/or	𝑢𝐼+ 	(the	incentive	per	
unit	of	reduction	for	each	apartment	in	a	selected	building)	(in	Swedish	Krone	(SEK)),	while	both	the	social	
welfare	achieved	after	DR,	i.e.	the	total	social	welfare	of	all	buildings	in	the	system	𝑆𝑊	and	the	social	welfare	
of	each	building	𝑆𝑊XY,	and	the	total	amount	of	incentives	(𝐼)	to	be	offered	are	also	expressed	in	SEK.	For	
more	information	with	regard	to	the	cost	function	of	the	provider	please	refer	to	D3.1.	

The	 results	 comply	with	 the	 initial	 theoretical	 observations	 documented	 in	 deliverable	 D3.1,	 even	 if	 the	
dataset	differs.		In	particular,	TPBA	and	its	variation	TPB	select	the	same	set	of	buildings	to	target	for	ADR	for	
𝜂=,>? = 11%.	 Although	 TPB	 constitutes	 a	 simple,	 quick	 and	 viable	 way	 to	 implement	 ADR,	 since	 the	
information	required	is	limited	to	the	essential	information	about	each	building	that	is	made	available	by	the	
building	 manager,	 it	 also	 poses	 certain	 drawbacks;	 since	 all	 apartments	 inside	 a	 selected	 building	 are	
mandated	 to	 reduce	 their	 consumption	 in	 this	 straightforward	manner	 (with	no	extra	optimization	being	
performed),	the	final	total	incentives	derived	are	higher	compared	to	TPBA,	as	even	the	most	expensive	and	
less	 flexible	 apartments	 are	 forced	on	 reductions.	 As	we	have	 already	discussed	 in	 deliverable	D3.1,	 the	
setting	we	 have	 considered	 so	 far	 emulates	 the	 ideal	 case,	where	 the	 energy	 provider	 and	 the	 building	
manager	are	cooperative	with	each	other	and	the	problem	is	solved	at	the	top	level	by	the	provider.	Another	
possible	scenario	includes	the	hierarchical	optimization,	whereby	the	energy	provider	selects	the	optimal	set	
of	buildings	to	target	in	order	to	achieve	her	goal	and	then	each	building	manager	of	the	selected	buildings	
performs	an	optimization	procedure	internally	in	order	to	allocate	the	reduction	and	hence	the	incentives	in	
such	a	way	that	results	in	keeping	an	amount	of	incentives	for	herself.	In	other	words,	since	TPB	is	a	feasible	
solution	 of	 TPBA	 the	 amount	 of	 incentives	 allocated	 by	 the	 energy	 provider	 is	 the	 maximum	 possible;	
therefore,	any	optimisation	performed	internally	by	the	building	manager	may	lead	to	incentives	allocation	
schemes	that	distribute	only	a	portion	of	the	amount	of	incentives	to	the	apartments	and	hence	allow	the	
building	manager	to	keep	the	remaining	amount	of	incentives	for	personal	use.		

On	other	hand,	by	offering	an	extra	flexibility	of	choosing	a	specific	subset	of	apartments	in	each	targeted	
building	 to	participate	 in	ADR	based	on	 the	 sorting	algorithm	of	NBIADR	methodology,	 TPBA	guarantees	
higher	 social	 welfare	 after	 ADR,	 for	 both	 the	 society	 and	 each	 participating	 building,	 with	 lower	 total	
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incentives	 than	TPB.	Regarding	 its	 applicability,	 as	we	have	already	mentioned,	 TPBA	 constitutes	 a	more	
complex	and	improved	version	of	TPB	comprising	hierarchical	optimization,	and	thus	offering	more	flexibility	
in	 terms	of	effective	 targeting	of	both	 the	optimal	 set	of	buildings	and	apartments.	 Finally,	 for	 the	more	
demanding	approach	of	targeting	directly	specific	apartments,	rather	than	buildings,	the	results	indicate	that	
TPA	leads	to	higher	social	welfare	and	lower	total	 incentives	needed	to	be	offered	than	TPB	and	TPBA.	In	
terms	 of	 practical	 implementation,	 though,	 TPBA	 is	 a	 more	 effective	 targeting	 approach,	 as	 it	 can	 be	
implemented	both	as	a	single	process	by	the	energy	provider	–	whenever	the	 information	is	available-	or	
hierarchically	in	two	stages,	whereby	the	energy	provider	applies	the	targeting	process	for	buildings	and	then	
the	building	manager	is	in	turn	responsible	for	the	targeting	process	of	apartments;	thus	leading	to	better	
results	in	comparison	with	the	other	approaches.	To	this	extent,	the	building	manager	can	establish	a	notion	
of	fairness	in	respect	to	the	allocation	of	reductions	and	can	contend	more	effectively	with	the	complaints	
that	may	be	issued	by	the	modifications	in	the	consumption	schedules	within	a	selected	apartment.	In	this	
context,	 virtual	 knob	 could	 play	 a	 key	 role	 as	 a	 tool	 for	 users	 to	 declare	 their	 approval/	 disapproval	 or	
comfort/	discomfort	with	respect	to	the	proposed	modifications	in	their	consumption	schedules.	This	user	
feedback	could	also	be	used	for	fine-tuning	the	proposed	DR	schemes	and	can	be	a	potential	direction	for	
future	work.	

2.4 ADR	TOOL	IMPLEMENTATION	(AN	OPTI	ASSET)		
In	order	to	facilitate	the	implementation	of	the	selection	algorithms	together	with	a	user	interface,	the	DR	
designer	 can	employ	OPTI’s	ADR	 tool,	 developed	based	on	 the	economic	modelling	prototype.	 For	more	
information	on	the	relevant	and	underlying	theoretic	work,	the	reader	 is	kindly	requested	to	refer	to	the	
following	WP3	deliverables:	D3.1,	D3.2	(on	algorithms	design	and	evaluation	via	simulations)	and	D3.3,	D3.4	
(on	the	economic	prototype	design	and	demonstration).	The	ADR	tool	has	been	implemented	by	AUEB	and	
IBM	as	a	software	tool	using	Java,	R	and	MATLAB	development	and	execution	environments.	This	consists	of	
an	integrated	solution	that	can	also	be	utilised	by	project	stakeholders	such	as	energy	providers,	ESCOs	and	
aggregators.	

The	prototype	consists	of	two	modules,	namely	the	baseline	estimation	module	and	the	ADR	design	module,	
illustrated	in	Figure	1.		

	
Figure	1.	EMC	Prototype	components	and	functionality	

The	modules	were	initially	evaluated	separately	and	based	on	different	datasets.	In	this	section,	we	present	
an	extended	and	enhanced	version	of	the	prototype,	which	incorporates	the	following:	

1. The	consumer	baseline	estimation	module	provides	a	prediction	of	the	total	demand	per	user	for	
all	users	and	locations	for	any	time	for	the	environment	it	is	employed,	in	our	case	Lulea	Energy	pilot	
site.	The	theoretical	design	and	analysis	of	this	module	has	been	presented	in	Section	3	of	D3.1.	This	
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module	is	implemented	in	R	scripting	language.	It	inputs	historical	data	on	outside	temperature	and	
energy	 consumption	 and	 employs	 different	 machine	 learning	 techniques,	 like	 the	 standard	
regression,	the	k-nearest	neighbour,	the	support	vector	regression	and	the	context	vector	approach	
for	making	the	baseline	estimation.	It	utilises	as	input	the	time	window	of	history,	which	should	be	
used	for	the	learning.		It	outputs	an	error	metric	(SMAPE)	for	the	overall	learning	and	the	forecasted	
consumption	time-series	(at	hourly	resolution)	for	a	user-selected	consumer	and	a	user-selected	day.	
The	consumption	forecast	is	provided	as	csv	file	and	serves	as	input	for	the	following	module.		

2. The	ADR	design	module	that	based	on	the	predictions	of	the	baseline	estimation	module	and	the	
objectives	set	for	the	ADR	event	a)	selects	the	optimal	set	of	users	to	be	targeted	for	ADR,	and	b)	for	
each	 targeted	 user	 specifies	 the	 amount	 of	 incentives	 to	 be	 offered	 as	 a	 reimbursement	 for	 the	
discomfort	caused,	and	the	schedule	for	the	set	of	appliances	to	be	imposed	in	users’	premises.	The	
theoretical	design	and	analysis	of	this	module	has	been	presented	in	Section	4	of	D3.1.	It	utilises	two	
methodologies	that	suggest	different	approaches	of	designing	incentive-based	ADR	contracts	in	an	
effective	way.	The	methodologies	are	distinguished	by	the	consumer	model	applied	in	each	case.	For	
more	details,	please	refer	to	D3.1.	

This	enhanced	version	of	the	EMC	prototype	(the	OPTi	ADR	tool)	is	implemented	by	using	a	Java	front	end	
(Graphical	User	Interface)	application,	which	supports	also	connection	to:	

• R	scripts:	they	implement	the	baseline	estimation	module	as	described	in	bullet	A	above.	

• Matlab	functions:	they	implement	the	selection	algorithms	constituting	the	ADR	design	module.	

• Data	 management	 layer:	 allows	 for	 fetching	 data	 regarding	 the	 buildings	 and/	 or	 apartments	
participating	in	ADR	event.		

The	main	functionalities	include:	

• The	initialisation	of	parameters:	the	DR	designer	determines	the	parameters	for	the	activation	of	
ADR	event	(Figure	2).	

In	particular,	for	a	selected	location	the	DR	designer	can:	

• Baseline	configuration:	by	inserting	the	timeframe	for	which	the	DR	designer	wishes	to	estimate	the	
baseline	and	selecting	the	respective	files	that	will	be	used	as	input	for	the	R	scripts	to	be	called	for	
baseline	estimation	(see	Figure	3).	

• Data	 fetching:	 for	 each	 apartment	 in	 the	 selected	 building	 the	 DR	 designer	 can	 download	 the	
respective	 data	 regarding	 the	 inside	 and	 outside	 temperature	 from	 the	 data	management	 layer	
(Figure	4).	

• Consumer’s	 selection	 for	 DR:	 by	 launching	 an	 ADR	 event	 and	 applying	 the	 selection	 algorithms	
presented	above.	

	Once	 provided	with	 this	 input,	 the	 selection	 algorithms	 implemented	 in	 the	 ADR	 design	module	 return	
(Figure	5):		

• the	list	of	users	to	be	targeted	in	the	preselected	location	

• and	for	each	targeted	user	

o the	incentives	as	a	reimbursement	(in	monetary	units)	

o the	schedule	 to	be	 imposed	 for	 the	set	of	available	appliances	 (only	space	heating	 in	our	
case)	

For	example,	in	our	demo	screenshot	(Figure	5)	the	TPBA	is	applied	for	two	buildings	and	the	corresponding	
apartments.	The	suggestion	for	user	1	in	Smultrostingen	building	is	that	he/she	should	be	targeted	with	a	
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proposed	consumption	schedule	as	shown	below	for	timeslots	T1-T4	(e.g.	6	hours’	time	slots	per	day)	for	
space	heating	while	being	reimbursed	by	a	certain	amount	of	incentives.	

	
Figure	2.	ADR	initialisation	input	(screenshot)	

	

	

	
Figure	3.	Configuration	of	parameters	for	baseline	estimation	(screenshot)	
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Figure	4.	Configuration	of	parameters	for	fetching	data	from	data	management	layer	(screenshot)	

	

	
Figure	5.	Sample	output	from	the	ADR	tool	(screenshot)	

2.5 DEMAND	FORECASTING	FOR	ADR	(UTILISED	FROM	THE	ADR	TOOL)	
Estimating	the	demand	for	a	future	time	period	is	essential	for	planning	ADR.	Accurate	demand	forecasts	not	
only	help	utilities	plan	ahead,	but	also	identify	periods	suitable	for	Demand	Response.	As	discussed	in	D3.1,	
forecasting	the	thermal	demand	of	an	end	customer	is	challenging	as	it	is	a	function	of	several	exogenous	
factors.	Some	of	the	important	context	variables	include	time	of	day,	day	of	the	week,	community	events,	
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seasonality,	 ambient	 temperature,	 building	 insulation,	 etc.	 Modelling	 the	 thermal	 demand	 involves	
understanding	 the	 effect	 of	 these	 factors	 on	 the	 thermal	 demand.	 This	 dependence	 varies	 according	 to	
consumers	and	based	on	the	differences	in	their	lifestyles	such	as	their	working	hours,	which	determine	the	
operation	schedule	of	the	heating	systems	in	their	homes,	preferred	set	point	temperatures,	characteristics	
of	the	homes,	etc.	

For	forecasting	the	demand,	we	use	the	Consumer	Baseline	Estimation	module	developed	as	part	of	Work	
Package	3.	As	described	in	D3.1,	D3.3	and	D3.4,	the	tool	employs	machine	learning	based	approaches	for	
forecasting	 thermal	 demand	 at	 a	 given	 time	 by	 training	 the	model	 on	 past	 data.	 Adopting	 this	 tool	 for	
forecasting	demand	for	ADR	has	several	positives.	As	it	is	a	machine	learning	model,	it	does	not	need	a	whole	
set	of	parameters	that	any	physics	based	model	is	dependent	on.	As	the	ADR	tool	will	be	used	by	the	utility	
operatives,	they	will	not	have	the	parameters	of	the	consumer	residences	needed	for	physics	based	models.	
In	contrast,	the	baseline	estimation	tool	is	easier	to	use	because	the	underlying	sensory	data	requirements	
are	 minimal.	 This	 data	 is	 often	 readily	 available.	 For	 example,	 in	 DHC	 systems,	 the	 historical	 thermal	
consumption	 is	 explicitly	 available	 via	 dedicated	 heat	meters.	 Overall,	 the	 baseline	 estimation	 tool	 only	
requires:	(i)	historical	time-series	of	consumption	data,	which	is	becoming	increasingly	available	via	smart	
metering	and	(ii)	ambient	temperature	data,	which	 is	also	easily	available	through	nearby	meteorological	
stations.	 In	 addition,	 a	 set	 of	 calendar	 related	 features	 are	 associated	 with	 the	 timestamps	 of	 the	
consumption	and	temperature	data.	These	include	time	of	day,	day	of	week,	week	of	year	(season),	and	so	
on.	

The	model	is	trained	on	historical	data	(consumption	data	and	ambient	outdoor	temperature)	spanning	more	
than	a	year	for	each	apartment	and	building	as	needed.		The	trained	model	for	an	apartment	or	building	is	
then	used	for	predicting	the	demand	for	any	given	day	in	the	future.	The	baseline	estimation	tool	gives	the	
expected	thermal	demand	for	that	day	in	terms	of	a	time	series	of	predicted	consumption	values	at	hourly	
resolution.	This	predicted	vector	of	consumption	is	then	taken	as	input	by	the	ADR	module.	

2.6 PRELIMINARY	ANALYSIS	OF	INTEGRATION	WITH	OPTI	SIM		
In	the	context	of	our	WP5	work	we	also	provide	a	potential	implementation	scenario	that	will	include	the	
integration	of	the	ADR	tool	with	the	OPTi	Sim.	However,	it	must	be	noted	that:	

1. The	ADR	tool	has	been	designed	and	developed	as	a	stand-alone	tool	that	can	be	utilised	from	utility	
providers	in	order	to	empower	its	commercial	exploitation	capabilities	allowing	possible	integration	
with	other	simulators	as	well	i.e.	not	being	locked	in	to	a	particular	environment.		

2. The	integration	of	the	tool	with	OPTi-sim	will	be	tested	only	in	the	context	of	WP6,	tentative	to	the	
available	resources.		

Figure	6	 illustrates	 the	proposed	architectural	 overview.	 The	 accompanied	 text	 provides	 also	 a	 thorough	
analysis	of	the	interaction	between	the	different	layers	of	the	OPTi	framework	and	of	the	EMC	prototype	and	
its	functionalities.	
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Figure	6.	The	architectural	overview	

As	shown	in	Figure	6,	the	ADR	signal	generation	and	its	execution	follows	a	process	flow,	where	information	
is	exchanged	between	the	various	levels	of	the	OPTi	framework.	In	this	context,	the	physical	layer	plays	a	key	
role	as	it	includes	most	of	the	information	needed	for	the	EMC	prototype,	including	the	consumer	baseline	
estimation	module	and	the	ADR	design	module,	as	illustrated	in	Figure	1Error!	Reference	source	not	found..	
The	information	of	the	physical	layer	can	be	divided	into	two	categories,	namely:	

1. The	measurement	dataset:	 includes	the	measurements	stemming	from	smart	meters	and	sensors	
within	 a	 building	 and/or	 apartment,	 e.g.	 consumption	 values	 of	 aggregated	 (building	 and/or	
apartment)	 and/or	 of	 appliance	 level,	 the	 temperature	 inside	 the	building	 and/or	 apartment	per	
timeslot,	the	set	point	temperature	of	DH	system	per	building	and/	or	apartment,	etc.	This	dataset	
can	serve	as	 input	to	the	consumer	baseline	estimation	module	 in	order	to	estimate	the	baseline	
consumption	over	a	period	of	 time	and	under	specific	context,	which	 is	 in	 turn	piped	to	 the	ADR	
design	module.	More	details	on	the	consumer	baseline	estimation	can	be	found	in	deliverable	D3.1.	

2. The	demographic	dataset:	consists	of	 information	in	relation	to	the	residents	of	a	building	and/or	
apartment	(age,	gender,	number	of	residents	in	a	building	and/or	apartment),	the	size	and	thermal	
characteristics	of	building	and/or	apartment,	etc.	The	information	of	this	category	can	be	inserted	to	
the	ADR	design	module,	so	that	the	consumer	comfort	models	are	fine-tuned	and	utilized	by	the	ADR	
modelling	and	selection	algorithms.	For	more	details,	please	refer	to	deliverable	D3.1.	
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3 USING	OPTI’S	VIRTUAL	KNOB	FOR	ELICITING	CONSUMER	FEEDBACK	FOR	DR		

When	Automated	Demand	Response	is	implemented,	the	consumers	who	have	opted	into	the	scheme	are	
affected	by	the	variations	in	the	indoor	temperature	due	to	the	demand	response	implementation.	Given	
the	automated	nature	of	the	ADR	program,	the	consumers	do	not	enjoy	the	choice	to	selectively	participate	
at	 times	of	 their	 choosing.	As	a	 result,	 they	would	 require	a	means	 for	 registering	 their	 feedback	on	 the	
demand	response	program.	On	a	different	note,	the	demand	response	schemes	require	a	user	comfort	model	
that	 depends	 on	 the	 comfort	 experienced	 by	 the	 users	 at	 particular	 indoor	 temperature	 settings.	While	
established	building	temperature	codes	specify	a	narrow	optimal	temperature	range,	obtaining	actual	user	
feedback	on	a	larger	range	of	temperatures	will	serve	in	many	ways.	It	will	help	broaden	the	parameters	in	
the	user	comfort	model	thereby	leading	to	better	flexibility	in	pre-heating/cooling.	To	address	these	different	
requirements,	a	virtual	knob	was	envisaged	that	allows	the	users	to	provide	live	feedback	on	their	comfort	
for	 the	current	 indoor	 temperature.	 In	 this	 chapter,	we	briefly	describe	 the	 tool,	detail	 the	experimental	
setup	and	provide	a	detailed	analysis	of	the	results.	

	

Figure	7.		The	Virtual	Knob	System	(from	D4.4)	

	

As	mentioned	above,	the	‘Virtual	Knob’	tool	was	developed	to	serve	as	a	means	of	obtaining	live	feedback	
from	users	on	the	 indoor	temperature	variation.	An	android	app	was	developed	along	with	the	back-end	
storage	system.	Figure	7	shows	the	complete	Virtual	Knob	system	(from	D4.4).	The	front-end	of	the	virtual	
knob	 consists	of	 an	 app	displayed	on	a	 touchscreen	with	5	buttons	 in	 the	 form	of	 emoticons.	Users	 can	
provide	their	opinion	on	the	temperature	by	pressing	one	of	the	buttons.	The	range	of	choices	available	are:		

• Too	cold	(-2)	

• Little	cold	(-1)	

• Comfortable	(0)	

• Little	warm	(1)	
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• Too	warm	(2).	

The	number	in	the	parenthesis	denotes	the	corresponding	value	that	is	logged	when	the	button	is	pressed.	
Therefore,	someone	who	complains	as	feeling	too	cold	will	press	the	dark	blue	emoji	and	be	registered	as	
providing	a	feedback	of	-2,	while	someone	who	feels	slightly	warm	would	press	the	pink	emoji	registering	1	
as	the	value.	

For	the	experiments,	9	such	touchscreens	were	deployed	for	a	period	of	2	weeks	starting	from	9th	January	
2017	to	20th	January	2017	in	the	Lulea	Energy	office	building	(pilot	site).	The	location	of	the	9	tablets	is	given	
in	Table	2.	

Table	2.		Locations	of	the	virtual	knob	deployments	

FLOOR	 LOCATIONS	

Floor	1	 Outside	Reception	 Outside	Offices	 In	Dining	Room	

Floor	2	 At	Water	pump	 Near	Staircase	 Corner	

Floor	3	 At	Water	pump	 Near	Staircase	 Corner	

	

The	temperature	set	point	was	varied	over	this	period	between	21o	Celsius	to	24o	Celsius.	The	schedule	used	
for	this	variation	is	given	in	Table	3.	The	change	in	set	point	was	actioned	around	1630	hours	on	the	days	
when	the	change	was	made.	This	was	done	to	ensure	that	the	building	reaches	the	desired	temperature	by	
the	next	morning.	Previous	experiments	had	shown	that	it	sometimes	took	several	hours	for	the	building	to	
cool	 or	 heat	 up	 to	 the	 desired	 set	 point	 temperature.	 Therefore,	 the	 set	 point	 schedule	 was	 managed	
conservatively	with	changes	being	actioned	only	once	in	2	days.	

	

Table	3.	The	set	point	temperature	settings	for	the	test	period	

Dates	 9th	 10th	 11th	 12th	 13th	 14th	 15th	 16th	 17th	 18th	 19th	 20th	

0730	 23	 21	 24	 24	 22	 21	 21	 21	 23	 23	 22	 22	

1630	 21	 24	 24	 22	 21	 21	 21	 23	 23	 22	 22	 23	

3.1 ANALYSIS	OF	VIRTUAL	KNOB	DATA		
This	section	presents	the	data	analysis	conducted	on	the	virtual	knob	feedback.	First,	the	characteristics	of	
the	data	collected	and	the	analysis	process	is	described	followed	by	a	discussion	of	the	results.	 
The	data	for	this	analysis	was	collected	over	the	2-week	period	described	above.	Every	time,	a	user	provided	
feedback	on	the	virtual	knob	by	pressing	a	button,	the	timestamp	of	the	press	along	with	the	button	pressed	
was	logged.	As	the	set	point	temperature	of	the	building	needn’t	reflect	the	true	indoor	temperature,	we	
used	the	actual	indoor	temperature	data	of	each	of	the	three	floors	for	our	analysis.	The	indoor	temperature	
was	logged	by	sensors	in	the	building	and	stored	in	the	data	server.	The	data	for	the	required	time	period	
was	retrieved	from	the	data	server	for	the	analysis.		

In	 total,	 966	 data	 points	 were	 collected	 from	 the	 all	 the	 virtual	 knobs	 together.	 However,	 upon	 close	
inspection	 it	 was	 found	 that	 many	 data	 points	 had	 timestamps	 that	 were	 too	 close	 to	 each	 other.	 For	
instance,	3	data	points	on	the	same	virtual	knob	had	occurred	within	a	5	second	window,	all	registering	the	
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same	button	 (that	 is,	all	3	data	points	 registered	 -1).	There	were	several	 such	 instances.	The	 likely	cause	
behind	 such	 duplicate	 instances	was	 that	many	users	 tended	 to	 press	 the	 button	more	 than	once	while	
registering	their	feedback.	Another	reason	could	be	that	duplicate	instances	were	being	registered	due	to	
the	 sensitivity	of	 the	 touchscreen.	 In	 any	 case,	 it	was	 clear	 that	each	 set	of	duplicate	 instances	 together	
reflected	only	one	opinion	on	the	temperature.	Therefore,	for	the	purpose	of	our	analysis,	we	cleaned	up	the	
duplicate	instances	by	using	a	10	second	window.	That	is,	if	several	data	points	with	the	same	value	(either	
0,	or	-1,	or	+1	and	so	on)	on	the	same	touchscreen	occurred	within	a	10	second	time	window,	they	were	
considered	to	represent	just	a	single	instance.	Following	the	clean-up,	656	unique	data	points	were	collected	
in	total.		

3.1.1 Results	

Figure	8.	Scatterplot	of	virtual	knob	feedback	and	indoor	temperature		

	

Figure	8	shows	a	scatterplot	of	the	cleaned	dataset.	The	y-axis	represents	the	button	pressed	in	terms	of	the	
value	registered	ranging	from	-2	(too	cold)	to	+2	(too	warm).	The	x-axis	denotes	the	indoor	temperature	on	
that	floor	at	the	precise	time	of	the	corresponding	button	press	(as	given	by	the	timestamp).	Hence,	range	
on	x-axis	is	spread	from	around	20.75	to	23.25	closely	following	the	set-point	range	of	the	experiment.	It	is	
interesting	to	note	comfort	value	‘0’	has	the	most	data,	followed	by	negative	values.	This	shows	that	most	
people	either	responded	with	feeling	comfortable	or	cold.	Relatively,	less	people	complained	of	being	too	
warm.	 It	 is	also	 interesting	to	note	that	22o	C	evoked	mixed	response.	While	most	 indicated	that	 it	was	a	
comfortable	temperature,	some	complained	being	too	cold,	while	another	section	complained	feeling	too	
warm.	However,	 for	 temperatures	 less	 than	22o	C,	 very	 few	 registered	 feeling	warm,	 and	 similarly	when	
temperature	moved	beyond	22o	C,	very	few	felt	cold.		

	

	

	

	



	 	 	

D5.3:	Automated	DR	algorithms	specification	

	

	

	 	 Page	20	of	27	

	

	
Figure	9.	Response	Counts	and	Mean	Comfort	Values	for	Floor	1	
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Figure	10.	Response	Counts	and	Mean	Comfort	Values	for	Floor	2	

	

	



	 	 	

D5.3:	Automated	DR	algorithms	specification	

	

	

	 	 Page	22	of	27	

	

	
Figure	11.	Response	Counts	and	Mean	Comfort	Values	for	Floor	3	
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Floor-wise	analysis	of	the	virtual	knob	data	was	also	conducted.	To	aid	in	visualization,	the	data	points	were	
collated	 into	buckets	based	on	 the	 corresponding	 indoor	 temperature	with	0.25o	C	 granularity.	 Figure	9,	
Figure	10	and	Figure	11	show	the	results	for	the	1st,	2nd	and	3rd	floor	of	the	building	respectively.	In	each	of	
these	figures,	the	top	graph	shows	the	count	of	button	presses	for	each	temperature	bucket,	and	bottom	
graph	shows	the	mean	comfort	value	of	the	bucket.	For	example,	on	floor	1,	when	temperature	was	in	the	
range	of	21.25o	C	to	21.5o	C,	20	button	presses	were	received	with	a	mean	comfort	value	of	around	-1.5.	
Along	with	the	mean	values,	the	error	bars	are	plotted	based	on	the	standard	deviation.	 In	a	few	of	such	
buckets	with	very	few	data	points,	the	error	bars	are	very	large,	sometimes	crossing	the	maximum	because	
the	samples	recorded	are	either	-2	or	+2.	Such	buckets	with	small	data	size	should	not	be	used	for	inferences.		

The	total	count	of	button	presses	for	each	floor,	along	with	the	minimum	and	maximum	indoor	temperature	
registered	 is	also	 listed.	Alongside,	 the	Pearson	correlation	coefficient	 for	the	dataset	of	 that	 floor	 is	also	
provided.	 The	 Pearson	 coefficient	 shows	 the	 dependence	 between	 the	 comfort	 values	 and	 the	 indoor	
temperature	with	a	range	from	-1	to	1.	When	the	value	of	the	Pearson	correlation	coefficient	is	1,	it	implies	
that	a	linear	equation	can	represent	the	data	such	that	y	increases	as	x	increases.	When	it	is	-1,	it	also	implies	
that	 a	 linear	 equation	 can	 represent	 the	 relation	 between	 y	 and	 x,	 such	 that	 y	 decreases	 as	 x	 increases	
(inverse	relation).	A	value	of	0	 implies	no	 linear	correlation	between	x	and	y.	 In	our	case,	x	 is	 the	 indoor	
temperature,	and	y	is	the	user	comfort.	The	final	value	shown	in	each	of	the	figures	is	the	`p	value’	which	
provides	the	statistical	significance	of	the	correlation.	A	p	value	of	less	than	0.05	is	usually	taken	as	sufficient	
to	denote	statistical	significance.		

FLOOR	1:			

192	 responses	were	 received	 for	 floor	 1	 over	 the	 experiment	 period.	Most	 of	 these	 responses	were	 for	
temperatures	 between	 21.75o	 C	 to	 22.5o	 C.	 The	mean	 comfort	 value	 for	 this	 temperature	 range	 hovers	
around	0,	 i.e.,	moderate	and	comfortable.	When	the	 temperature	 is	below	21.75o	C,	however,	 the	mean	
comfort	value	falls	towards	-1.	That	is,	the	respondents	feel	that	it	is	a	little	cold.	However,	the	number	of	
responses	in	these	buckets	are	not	high.	On	the	other	hand,	when	temperature	is	above	23o	C,	the	mean	
comfort	value	hovers	around	+0.5.	This	shows	that	the	respondents	haven’t	found	it	to	be	too	warm	even	
beyond	23o	C.	Furthermore,	it	is	interesting	to	note	that	the	temperature	varied	between	20.7o	C	to	23.2o	C	
over	this	period	(note	that	the	set	point	variation	was	between	21	to	24).	The	Pearson	correlation	coefficient	
along	with	the	error-bars	plotted	on	the	graph	show	that	there	is	considerable	variation	in	the	dataset.	This	
is	particularly	high	for	buckets	with	fewer	counts	of	data	points.				

FLOOR	2:			

Floor	2	 received	 the	 least	number	of	 responses	at	169.	 It	 is	 also	 interesting	 to	 see	 that	 the	 temperature	
ranged	only	between	21.5o	C	to	23.3o	C	despite	the	set	point	having	varied	from	21o	C	to	24o	C.	This	might	be	
an	indication	that	floor	2	is	warmer	than	the	other	two	floors	although	the	set	point	is	the	same	across	all	
three	floors.	Unlike	floor	1,	the	responses	here	are	also	more	well-spread	across	the	temperature	buckets	
between	21.5o	C	to	22.75o	C	with	around	20	to	40	responses	each.	Beyond	23o	C,	the	number	of	responses	
fell	to	around	10	per	bucket.	The	trend	in	the	mean	comfort	value	shows	that	it	rises	from	a	value	of	-1	at	
21.5o	C	to	-0.5	until	22.25o	C.	Beyond	this	temperature,	the	mean	comfort	value	is	around	0	implying	that	the	
respondents	found	it	agreeable	(the	slight	drop	in	the	22.25-22.75o	C	bucket	can	be	considered	an	anomaly	
due	to	data	variance).	Due	to	the	lesser	number	of	data	points	and	high	variance	as	seen	in	the	error	bars,	
the	Pearson	coefficient	is	only	0.25	with	a	p	value	of	0.001	in	this	case.	

FLOOR	3:			

Floor	3	received	the	most	responses	at	265.	The	temperature	variance	was	also	similar	to	floor	1	with	a	range	
from	20.8o	C	to	23.2o	C.	Around	half	of	the	temperature	buckets	received	more	than	30	responses.	The	more	
data	points	have	resulted	in	lower	error	bars	for	the	mean	comfort	value	compared	to	the	other	floors.	The	
more	data	points	have	also	helped	in	obtaining	a	more	visible	trend	in	the	mean	comfort	value.	Ignoring	the	
extreme	buckets	on	either	side	with	5	or	less	data	points,	the	mean	comfort	value	starts	at	-1	for	21.25o	C	to	
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around	+0.5	for	23.25o	C.	For	the	temperature	range	between	21.75o	C	to	22.75o	C,	the	mean	comfort	value	
is	around	0.	Therefore,	the	users	have	complained	of	feeling	a	little	cold	until	21.75o	C	and	were	happy	with	
higher	temperatures.	The	increased	number	of	data	points	for	this	floor	also	resulted	 in	a	better	Pearson	
correlation	coefficient	of	0.41	with	a	very	low	p	value.	

3.2 LEARNINGS	FROM	THE	VIRTUAL	KNOB	DATA	ANALYSIS	FOR	ADR	
While	the	study	has	focused	only	on	the	temperature,	normally	the	user	comfort	also	including	aspects	such	
as	humidity,	radiation,	air	speed,	metabolic	rate	and	so	on	in	addition	to	temperature.	However,	in	the	indoor	
environment,	air	speed,	metabolic	rate	can	be	assumed	to	remain	constant,	 though	humidity	might	vary.	
Furthermore,	as	the	experiments	were	conducted	in	a	single	season,	the	user	preferences	in	other	seasons	
might	differ.	While	keeping	in	mind	these	limitations,	the	data	analysis	of	the	virtual	knob	feedback	brings	
out	several	interesting	observations.	

• Given	that	more	than	600	responses	were	received	during	the	experiment	across	the	three	floors,	it	
is	fair	to	assume	that	users	or	consumers	can	be	expected	to	interface	with	such	a	system	to	provide	
information	on	their	comfort	levels	in	an	indoor	setting.		

• The	mean	comfort	values	show	that	even	when	temperature	falls	below	22o	C,	users	find	it	a	‘little	
cold’	but	not	‘too	cold’.	This	can	be	inferred	because	the	mean	comfort	value	does	not	fall	beyond	-
1	for	such	temperatures.	Temperatures	falling	up	to	21.5	o	C	seem	to	be	comfortable	for	the	users.	

• The	mean	comfort	values	for	temperatures	above	23o	C	shows	that	users	are	willing	tolerate	these	
temperatures	 without	 finding	 it	 uncomfortably	 warm.	 As	 seen	 across	 the	 three	 floors,	 for	
temperatures	 above	 23o	 C,	 the	mean	 comfort	 value	 has	 only	 risen	 to	 +0.5,	 and	 not	 even	 to	 +1.	
Therefore,	temperatures	up	to	23.25o	C	can	be	seen	as	comfortable	for	the	users.	

In	summary,	 these	observations	 lead	us	to	believe	that	using	such	a	virtual	knob	as	a	means	 for	users	 to	
provide	feedback	during	ADR	is	a	feasible	idea.	Users	are	willingly	interacting	with	the	knob	and	providing	
their	 responses	 regarding	 the	 temperature.	 Second,	 there	 appears	 to	 be	 flexibility	 of	 adopting	 indoor	
temperature	 beyond	 the	 usual	 set	 point	 range	 of	 22-23o	 C	 without	 making	 the	 inhabitants	 feel	 very	
uncomfortable.	Such	flexibility	can	be	used	for	better	modelling	of	user	comfort	and	can	also	be	taken	into	
account	 by	 ADR	 schedules.	 In	 particular,	 the	 data	 analysis	 shows	 that	 users	 are	 comfortable	 with	
temperatures	in	the	23-23.25o	C	range.	This	allows	for	some	pre-heating	before	the	time-period	of	reduced	
consumption	 that	would	 occur	 during	 the	 demand	 response	 period.	 Similarly,	 users	 are	 able	 to	 tolerate	
temperatures	up	to	21.5	o	C	without	finding	it	too	cold.	Overall,	this	leads	us	to	believe	that	comfort	range	of	
the	users	can	be	expanded	to	lie	in	the	range	of	21.5-23.25o	C	than	the	currently	used	23o	C.	This	expansion	
in	the	comfort	zone	contributes	to	KPI3.		
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4 ISSUES	ON	ADR	TECHNICAL	APPLICABILITY	FOR	DHC		

OPTi	develops	and	validates	methodologies	for	designing	ADR	programs	and	associated	consumer	contracts	
that	 utilize	monetary	 incentives,	 as	 well	 as	 facilitate	 the	 usage	 of	 non-monetary	 drivers	 for	 behavioural	
change.	The	ADR	methodologies	presented	in	D3.1	that	are	also	applicable	to	the	Smart	Grid	context	have	
been	particularly	tailored	for	the	DHC	context	as	presented	in	D3.2.	In	addition	to	these,	OPTi	has	developed	
a	DR	framework	to	promote	fairness	with	regards	to	thermal	comfort	in	a	DHC	network.		

The	real-life	application	of	the	methodologies	is	not	limited	to	a	specific	system	and	is	applicable	for	various	
configurations.	 However,	 certain	 design	 requirements	must	 be	met	 depending	 on	 the	 specific	 case.	 For	
example,	 the	 ADR	 nature	 of	 the	 programs	 (not	 restricted	 to	 DHC)	 entails	 the	 usage	 of	 automatically	
controllable	devices	e.g.	via	smart	plugs	and	control	gateway	or	smart	devices	and	control	APIs.	Speaking	in	
particular	for	DHC	networks,	at	the	consumer	side,	controlling	thermostats	has	to	be	used;	for	example,	the	
Saia-Burgess	Controller	(at	LEN)	or	by	many	other	manufactures	such	as	Regin	and	Danfoss.	From	a	near-
term	 application	 perspective,	 the	 problem	 is	 that	 it	 is	 not	 common	 to	 have	 a	 system	 controlling	 the	
temperature	in	each	individual	apartment	as	these	systems	are	still	rather	costly.	Clearly,	the	ADR	program	
will	 need	 to	 interact	with	 control	 systems	 at	 different	 levels.	 In	 Figure	 12,	 a	 control	 system	hierarchy	 is	
depicted,	and	ADR	programs	can	be	understood	as	optimisation	of	operation.	Nevertheless,	the	ADR	program	
need	to	interact	with	individual	substations	which	would	occur	further	down	in	the	hierarchy.	Thus,	the	ADR	
signals	need	to	be	propagated	to	the	selected	substations.		

	
Figure	12:	Control	system	hierarchy	as	envisioned	by	OPTi.	

Instead	of	controlling	individual	thermostats,	there	is	the	option	to	remotely	control	the	supply	temperature	
for	the	heating.	This	can	be	achieved	by	using	the	NODA	system	(http://www.noda.se/),	which	introduces	a	
bias	on	the	measured	outdoor	temperature	and	thereby	creates	a	command	input	to	the	control	loop	for	the	
supply	 temperature.	 In	 Figure	 13,	 a	 principle	 sketch	 of	 a	 building	 substation	 is	 given,	 where	 the	 bias	 is	
indicated	that	enables	an	ADR	program	interface	to	a	building	substation.	

	
Figure	13:	Principle	sketch	of	a	building	substation	with	two	control	loop	for	space	heating	and	tap	water.	
TBias	indicates	the	remote	control	input	to	the	space	heating	loop.		
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Consequently,	 the	overall	 apartment	 temperature	 can	be	affected	 remotely.	 This	 state	of	 the	art	 system	
solution	 is	 relatively	 inexpensive	 and	 an	 off-the-shelf	 product.	Despite	 the	 fact	 that	 the	NODA	 system	 is	
available	 at	 LEN’s	 building	 and	 some	 buildings	 maintained	 by	 the	 municipality	 of	 Luleå,	 the	 number	 of	
buildings	is	still	very	small.	For	real-life	testing	the	number	of	installation	would	have	to	be	large	which	cannot	
be	accounted	for	in	the	context	of	the	OPTi	project.	

However,	OPTi	will	provide	an	economic	CBA	for	such	a	scenario	analysing	the	cost	and	benefits	of	such	a	full	
ADR	implementation.		Furthermore,	OPTi	already	designs	ADR	contracts	with	incentives	to	make	such	ADR	
programs	attractive	for	the	customers	and	potentially	increase	their	penetration	in	the	market	so	that	utility	
companies	 can	 benefit	 from	 their	 investments.	 Our	 analysis	 and	 ADR	 simulations	 also	 demonstrate	 the	
economic	benefits	for	the	utility’s	side	from	reducing	the	peak	demand	thus	constituting	such	investments	
more	attractive.		

Another	 system	 that	 can	 be	 used	 for	 family	 houses	 is	 the	 solution	 from	NGenic	 (https://ngenic.se/en/).	
NGenic	provides	a	remote-control	feature	for	heat	pumps	and	are	planning	to	develop	it	for	DH	systems	as	
well.		Moreover,	there	are	some	more	companies	acting	in	the	market	with	similar	solutions	that	target	the	
residential	buildings.	These	make	use	of	similar	approaches	as	NODA	which	complement	the	approach	with	
numerous	indoor	sensors,	weather	and	demand	forecast.	From	a	methodological	perspective,	these	systems	
enable	the	direct	 interaction	of	the	OPTi-Framework	with	buildings	and	apartment,	as	an	interface	to	the	
low-level	control	system	becomes	available.	

Finally,	the	usage	of	a	communication	feedback	device	such	as	the	novel	virtual	knob	concept	proposed	by	
OPTi	improves	the	efficiency	of	the	algorithms	and	the	ADR	programs	as	a	whole	by	considering	the	estimated	
comfort	zone	of	consumers	or	groups	of	consumers.	The	virtual	knob	concept	has	already	been	tested	and	
validated	in	the	OPTi	Lulea	pilot.			
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5 CONCLUSION	

This	document	presented	the	work	conducted	in	the	context	of	WP5	for	Automated	Demand	Response	and	
subsequent	tasks	in	accordance	of	the	objectives	set	in	the	DoW	(Task	5.3)	for	the	OPTi	project.	In	particular,	
we	described	the	various	aspects	of	the	ADR	methodology	and	experiments	conducted	on	real	data	obtained	
from	OPTi	pilot	sites.	We	also	provided	a	glimpse	into	the	complete	ADR	tool	developed.	This	was	followed	
by	a	description	of	the	trials	conducted	using	Virtual	Knob	and	subsequent	analysis	of	the	trial	data.	Finally,	
we	concluded	the	report	with	a	brief	discussion	on	the	practical	aspects	of	ADR	in	DHC	systems.	

Overall,	this	report	contributes	to	the	specifications	of	ADR	in	DHC	systems.	It	describes	and	tests	the	tools	
and	algorithms	available	to	the	provided	for	implementing	ADR.	Moreover,	the	virtual	knob	analysis	provides	
not	just	insights	into	the	comfort	perception	of	the	consumers	in	terms	of	the	indoor	temperature,	but	also	
underlines	 how	 the	 virtual	 knob	 can	 be	 used	 in	 conjunction	with	 ADR	 to	 obtain	 live	 feedback	 from	 the	
consumers.	Finally,	the	discussion	to	conclude	the	report	highlights	the	different	aspects	and	challenges	that	
are	associated	with	implementing	ADR	in	DHC	systems.	

	


