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Abstract

The	electricity	market	in	the	U.S.	is	moving	toward	an	energy	mix	including	more	variable	
renewable	 energy	 (VRE)	 sources	 like	wind	 and	 solar.	 This increasing	 VRE	 penetration	 is	
altering	the	profile	of	the	net	electricity	demand.	Traditionally,	flexible	generators	(e.g.	gas	
turbines)	are	used	to	absorb	fluctuations	in	the	electricity	demand.	Therefore,	an	increase	in	
VRE also	leads	to	an	increase	in	installed	capacity	for	such	flexible	generators	which,	in	turn,
may	increase	the	price	of	electricity.	Nuclear-Renewable	Hybrid	Energy	Systems	(N-R	HES)	
are	 seen	 as	 a	 solution	 to	 this	 problem.	 The	 N-R	 HES	 contains	 a	 nuclear	 power	 plant	
electrically	and/or	thermally	linked	to	an	industrial	process	(IP).	This	paper	demonstrates	a	
new	 methodology	 and	 presents	 the	 corresponding	 RAVEN/Modelica-based	 software	
framework	to	evaluate	the	financial	performance	of	N-R	HES.	The	novelty	of	the	method	is
that	 it	 explicitly	 incorporates	 the	 stochastic	 nature	 of	 N-R	 HES	 inputs	 such	 as	 electricity	
demand	and	wind	speeds.	The	method	is	applied	to	a	generic	(rather	than	region-specific)	N-
R	HES.	The	analysis	shows	that under	the	right	market	conditions,	economic	benefits	can	be	
achieved	by	adding	a	suitable	 IP	 to	 the	base-load	generator. In	particular,	 there	 exists	 an
optimal	relationship	between	 the	 IP	capacity	and	 the	demand.	Global	 trends	 also	 indicate	
VRE	 penetration	 raises	 the	 cost	 of	 electricity	 due	 to	 the	 added	 volatility, an	 issue	 only	
mitigated	when	operating	with	high	profit	margins	for	the	IP.
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Introduction	and	background1.

The	electric	energy	market	 in	 the	U.S.	 is	currently	moving	 toward	an	 energy	mix	 that	
includes	more	and	more	variable	renewable	energy	(VRE)	sources	such	as	wind	and	solar.	
According	to	REN21	[1],	newly	installed	renewable	power	capacity	reached	a	record	high	in	
2016	with	161	gigawatts	(GW)	added,	increasing	the	global	total	by	almost	9%	compared to	
2015.	This	means	more	renewable	power	capacity	is	added	annually	than	net	new	capacity	
is	added	from	all	fossil	fuels	combined.

The	 increasing	penetration	of	VRE	 sources	 is	 altering	 the	profile	 of	 the	net	 electricity	
demand,	which	 requires	 the	other	 generators	 to	 adjust.	 A.	 Epiney,	 et.	 al.	 [2]	 analyzed	 the	
impact	 of	 wind	 penetration	 on	 the	 statistical	 properties	 of	 the	 electricity	 demand.	 The	
authors	 analyzed	 a particular	 case,	 among	 others,	 where	 the	 nominal	 capacity	 of	 the	
installed	 windmills	 is	 50%	 of	 the	 mean	 electricity	 demand.	 This	 corresponds	 to	 about	
13.5%	of	 the	demand	provided	by	 the	windmills,	assuming	a	wind	 load	capacity	 factor	of	
27%.	 The	 net	 electricity	 demand	 is	 defined	 as	 the	 difference	 between	 the	 wind-supplied	
electricity	 and	 electricity	 demand.	 The	 authors	 compared	 the	 first	 percentile	 of	 this	 net	
demand	as	 a	 function	of	 time	between	the	no-wind	and	 the	50%	wind	penetration	 cases.	
The	first	percentile	could	be	considered	the	cutoff	at	which	demand	would	not	be	 further	
supplied	by	baseload	generators.	

While	 the	no-wind	 case	 shows	 the	minimum	of	 the	 first	percentile	during	 the	 year	 at	
about	40%	of	mean	demand	(which	 is	 in	 line	with	 the	 level	of	baseload	 in	 today’s	energy	
market),	 this	 value	 goes	 to	 zero	 for	 the	50%	wind	 penetration	 case.	 This	means	 that	 the	
concept	of	baseload	disappears	for	a	wind	penetration	above	50%	installed	capacity.	

Similarly,	the	same	publication	looks	at	the	99.999	percentile	of	the	net	demand.	This	is	
equivalent	to	the	maximum	net	demand	that	it	is	necessary	to	meet	in	order	to	satisfy	one	of	
the	common	Loss	of	Load	Probability	(LOLP)	limit	criteria (different	values	are	possible	for	
different	regulatory	bodies).	The	authors	show	that	the	reduction	in	mean	value	of	the	net	
electricity	demand	 from	the	VRE	 is	almost	completely	offset	by	 the	 increased	volatility	 in	
the	net	electricity	demand,	so	that	the	overall	capacity	needed	from	non-renewable	sources	
remains	almost	unaltered.

Traditionally,	flexible	generators	such	as	combined	cycle	gas	turbines	(CCGT)	are	used	
to	absorb	fluctuations	in	the	electricity	demand.	Therefore,	an	increase	in	VRE	sources	leads	
to	 an	 increase	 in	 installed	 capacity	 for	 such	 flexible	 generators,	 which	 is	 then	 likely	 to	
increase	 the	price	of	electricity.	The	 trend	toward	more	VRE	 is	 also	 likely	 to	continue.	To	
interrupt	this	trend,	 the	electric	power	industry	 is	currently	looking	for	alternative	means	
to	absorb	at	least	some	of	the	demand	volatility	introduced	by	VRE	while	at	the	same	time	
keeping	the	electricity	price	affordable.

Nuclear-Renewable	Hybrid	Energy	Systems	(N-R	HES)	are	seen	as	a	possible	long-term	
solution.	 As	 outlined	 by	 M.	 Ruth	 et.	 al.,	 [3],	 the	 term	 “hybrid	 energy	 system’’	 is	 used	 to	
describe	various	concepts.	In	the	context	of	the	present	paper,	N-R	HES	is	used	for	a	system	
that	 contains	 a	 nuclear	 power	 plant	 that	 is	 electrically	 and/or	 thermally	 linked	 to	 an	
industrial	 process	 (IP).	 The	 system	 can	 have	 additional	 components	 such	 as	 a	 flexible	
peaking	 unit	 or	 an	 energy	 storage	 unit.	 In	 addition,	 a	 given	 N-R	 HES	 operates	 in	 an	
environment	 that	 includes	 renewable	 electricity	 generators.	 The	 direct	 nuclear-to-IP	
coupling	allows	the	system	to	respond	to	the	electricity	demand,	diverting	energy	(thermal	
and/or	electrical)	to	satisfy	the	grid	or	the	internal	industrial	processes.	This	coordination	
of	energy	generators	and	consumers	has	potential	to	mitigate	the	increase	in	electricity	cost	
and	cost	volatility	through	the	production	of	a	salable	commodity.	The	authors	of	the	same	
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publication	 [3]	 point	 out	 such	 a	 system	 would	 enable	 the	 nuclear	 plant	 to	 run	 at	 high	
capacity	while	 simultaneously	 addressing	 the	need	 for	 flexibility.	 Furthermore,	 they	 state	
this	type	of	operation	is	of	interest	as	a	result	of	the	increased	demand	for	low-CO2	energy	
generation.	Additionally,	a	new	generation	of	small	modular	nuclear	reactors	(SMRs)	have	
energy	output	similar	to	the	needs	of	a	large	chemical	process	complex.	Other	authors,	such	
as	 S.	 Aumeier	 et.	 al.	 [4]	 see	 the	 N-R	 HES	 as	 having	 “intriguing	 potential”	 to	 provide	
economically-stable,	environmentally-sustainable,	and	resource-safe	electricity.

Several	 different	 research	 teams	 are	 currently	 conducting	 N-R	 HES	 analyses	 to	
determine	 the	potential	technical	and	economical	feasibility	 for	mitigating	volatility	in	the	
net	electricity	demand. For	example,	C.	Forsberg	[5]	investigates	hybrid	systems	to	address	
seasonal	mismatches	of	electricity	production	and	demand	in	electricity	grids	with	nuclear	
and	 renewable	 energy	 sources.	 The	 study	 presents	 the	 storage	 requirements,	 associated	
overall	 economics,	and	policy	requirements	 to	mitigate	 the	 energy	mismatch	while	 at	 the	
same	time trying	to	reduce	the	use	of fossil	fuels. H.	Garcia,	et.	al.	[6-8]	studies	the	dynamic	
performance	and	response	of	hybrid	energy	systems	for	specific	regional	cases.	They	focus	
on	the	detailed	physical	modeling	of	the	system	components	to	get	insights	on	load	follow	
responses	 and	 the	 maximum	 possible	 renewable	 penetration	 a	 specific	 system	 can	
accommodate.	Another	study	by	T. E.	Baker	[9]	addresses	the	sizing	of	N-R	HES	components	
considering	 volatility	 in	 VREs.	 The	 authors	 find	 that adding	 flexible	 loads	 and	 energy	
storage	 to	 the	 grid	 results	 in	 greater	 stability	 in	 Levelized	 Cost	 of	 Electricity (LCOE) and	
increased	reliability	in	terms	of	meeting	the	demand.

The	potential	of	different	IPs	is being	investigated	currently	by research	teams	as	well.	
T.	Altman,	et.	al.	 [10]	and	J. S.	Kim,	et.	al.	[11] investigate	water	desalination	as	a	possible	
flexible	 load	 for	 N-R	 HES.	 The	 authors	 compare	 different	 desalination	 technologies	 and	
evaluate	thermal	and	electrical	integration	into	N-R	HES.	On	the	other	hand,	J.	S.	Kim,	et.	al.	
[12]	and	B.	Yildiz,	et.	al. [13]	 look	 into hydrogen	production	 to	act	as	a	stabilizing	 load. A	
dynamic	 performance analysis	 of	 such	 systems is	 carried	 out	 to	 evaluate	 its	 technical	
feasibility	for operation	under	highly-variable	conditions.

All	of	the	mentioned	papers	use	ad-hoc	modeling	and	simulation	(M&S)	methodologies	
specifically	designed	for	the	particular	application	or	regional	study.	However,	the	authors	
of	 the	 present	 paper	 believe	 that	 developing	 a	 flexible,	 generic	M&S	 tool	 for N-R	 HES	 is
becoming	 more	 and	 more	 important	 to	 economically	 optimizing	 the	 use	 of	 energy	
resources.	 Such	 a	 tool	 would	 allow	 different	 authors	 to	 compare multiple	 studies. Some	
authors	 have	 suggested	 M&S	 methodologies	 [14,	 15] use	 simple	 dispatch	 rules	 and/or
deterministic	linear	programming	optimization	approaches	[18-20]	to	solve	traditional	(not	
including	 hybrid	 energy	 systems)	 capacity	 planning	 and	 dispatch	 problems, mimicking	
methods	 employed	 by	 other	 state-of-the-art	 software	 packages	 like	 PLEXOS	 [16]	 or	 the	
Regional	Energy	Deployment	System	(ReEDS)	[17]. However,	it	is	challenging	to	assess	the	
economic	viability	of	N-R	HES	using	this	approach.	The	stochastic	elements	in	N-R	HES,	such	
as	the	electricity	demand	and	VRE	availability,	as	well	as	the	linearization	of	problems,	add	
to	 the	uncertainties	 that	 influence	 the	overall	 economics	of	 the	project.	 In	particular, N-R
HES	 economics	 are	 strongly	 affected	 by	 rare	 “outlier”	 events	 (that	 is	 the	 tails	 of	 the	
electricity	 demand	 and	 VRE	 availability	 distribution	 functions).	 This	 paper	 makes	 the	
argument	 for	 an	 optimization	 method	 that	 incorporates	 the	 stochastic	 nature	 of	 system	
inputs	 into	 the	 modeling	 structure. RAVEN’s	 Simultaneous	 Perturbation	 Stochastic	
Approximation	 (SPSA)	 optimizer	 has	 demonstrated	 that	 it	 can	 effectively	 size	 N-R	 HES	
subsystems	 subjected	 to	 stochastic	 inputs	 [21].	 Furthermore,	 the	 proposed	methodology	
includes	 the	 dynamic	 modeling	 of	 the	 subsystems	 using	 the	 Modelica	 language.	 The	
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combination	of	these	two	elements	(the	dispatch	optimization,	including	the	full	subsystems	
dynamics,	and	system	optimization	explicitly	 considering	 the	stochastic	 inputs)	 leads	 to	 a	
new	 and	 innovative	 capacity	 planning	 methodology,	 advancing	 current	 capacity	
optimization	 techniques	 to	 include	N-R	HES.	 This	 	 paper	 postulates	 that,	 under	 the	 right	
market	conditions,	substantial	economic	benefits	can	be	achieved	by	adding	a	suitable	IP	to	
the	baseload	generator.

This	paper	demonstrates a	new	methodology	and	presents	the	corresponding	software	
framework	 to	 evaluate	 the	 financial	 performance	 of	N-R	HES.	The	 software	 framework	 is	
based	 on	 an	 Idaho	 National	 Laboratory	 (INL)	 code	 Risk	 Analysis	 Virtual	 Environment
(RAVEN)	[22],	its	CashFlow	plugin	[2]	and	the	Modelica	modeling	language	[23].	

The	 demonstration	 system	 presented	 is	 comprised	 of	 a	 baseload	 supply	 (i.e.	 nuclear	
power	plant),	 an	 industrial	 process	(i.e.	hydrogen	plant),	a	peaking	unit	 (i.e.	 gas	 turbine),
and	 an	 electric	 battery.	 The	 system	 is	 optimized	 under	 the	 constraint	 of	 satisfying	 an	
electricity	demand	profile	with	a	certain	level	of	variable	renewable	(wind)	penetration.	The	
optimization	 includes	both	 the	sizing	of	 the	 components	 and	 subsystems	and	 the	optimal	
dispatch	 strategy	 (output	 at	 any	 given	 moment	 in	 time	 from	 the	 different	 subsystems).
Altogether,	the	demonstrated	system	is	a	study	of	the	capabilities	of	a	generic	N-R	HES	using	
the	developed	methodology	and	software	framework.	Although	it	 is	not	a	specific	regional	
study,	 the	 generic	 demonstration	 system	 allows	 us	 to	 make	 conclusions	 on	 the	 general	
economic	 behavior	 of	 N-R	HES.	 The	M&S	 capabilities	 displayed	 here	 are	 available	 in	 the	
RAVEN	code	repository	under	an	open	source	license.

Proposed	methodology	and	associated	computational	framework	2.
for	economics	analysis	of	N-R	HES

The	goal	of	the	proposed	framework	is	to	optimize	the	dispatch	strategy	and	the	sizing	
of	the	components	and	subsystems	that	comprise	the	N-R	HES	system	(capacity	planning),
with	the	simultaneous	constraint	that	net	electricity	demand	must	be	satisfied.

The	capacity	planning	problem	attempts	to	determine	the	energy	mix	 that	will	 lead	to	
the	lowest	cost	of	electricity,	i.e.	the	different	plant	sizes	necessary	to	satisfy	a	net	demand	
profile.	The	N-R	HES	system	attempts	to	satisfy	the	net	demand	profile,	or	the	demand	after	
subtracting	all	VRE	contributions.	As	a	consequence,	the	LCOE	computed	here	is	the	one	for	
a	N-R	HES	that	would	cover	the	net	demand	only,	not	a	global	LCOE	covering	gross	demand.	
That	demonstration	would	have	to	include	the	specific	renewable	sources	and	the	portion	of	
the	 global	 demand	 covered	 by	 them.	 In	 addition,	 the	 LCOE	 is	 computed	 for	 the	 actual	
capacity	factor,	not	just	the	name	plane	capacity	of	the	components. In	order	not	to	confuse	
this	demonstration	with	 the	“global” LCOE,	 the	 authors	propose	 to	call	 it	 “effective”	LCOE	
(eLCOE).

The	dispatch	problem,	on	the	other	hand,	seeks	 to	determine	how	the	different	plants	
need	to	be	operated	(for	given	capacities)	to	minimize	the	eLCOE.	The	dispatch	determines	
for	every	 time	step	how	productive	a	plant	 is,	e.g.	at	50%	capacity	at	 time	step	0,	at	85%	
capacity	at	time	step	1,	etc.

A	 schema	 of	 the	 computational	 framework	 is	 shown	 in	 Figure	 1.	 The	 RAVEN	 “outer	
level”	samples	 the	capacities	of	all	 components	of	 the	N-R	HES.	The	“sampler”	can	be	any	
sampler	available	in	RAVEN,	e.g.	a	grid	(for	a	parametric	sweep)	or	Monte	Carlo	sampler,	or	
an	optimizer.	The	outer	level	generates	synthetic	time	histories	(ARMA	in	Figure	1)	for	all	
inputs	that	are	stochastic	in	nature,	e.g.	for	gross	demand	and	VRE	generation	that	are	fed	
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into	 the	ARMA	post	processor	(ARMA	PosP	 in	Figure	1).	This	post	processor	converts	 the	
VRE	 sampling,	 e.g.	 wind	 speeds,	 into	 electricity	 (scaled	 by	 the	 desired	 renewable	
penetration)	 and	 generates	 the	 net	 demand	 profile.	 Capacities	 and	 net	 demand	 are	 then	
passed	to	 the	“Initial	dispatch”	module.	This	module	computes	a	 time-dependent	estimate	
for	 the	dispatch	of	 all	 the	 components	 in	 the	N-R	HES.	This	dispatch	 is	used	as	a	 starting	
point	 for	 the	 inner	optimization.	The	 closer	 this	 guess	 is	 to	 the	optimum,	 the	 fewer inner	
iterations	will	be	needed.	The	initial	dispatch	is	passed	along	with	the	sampled	component	
capacities	and	the	net	demand	profile	to	the	“inner	level”	of	RAVEN.	The	inner	level	samples	
the	dispatch	for	all	components	in	the	N-R	HES.	The	utilization	factor	at	each	time	step	and	
each	 component	 of	 the	N-R	HES	 are	 sampled	 (and	 optimized).	 For	 example,	 running	 the	
simulation	 for	one	day	having	a	 time	step	 size	of	 one	hour	 leads	 to	24	variables	 for	 each	
component	of	the	N-R	HES.

The	 dispatch	 passed	 to	 the	 “inner	 level”	 (see	 Figure	 1)	 from	 the	 outer	 loop	 (“Initial	
dispatch”)	 is	 used	 as	 an	 initial	 guess	 for	 the	 “inner”	 sampler.	 The	 sampled	 dispatch,	 the	
capacities	 sampled	 in	 the	 outer	 loop,	 and	 some	 constants	 are	 passed	 to	 the	 “Generate	
Vectors”	 and	 “Modelica PreP”	 modules	 that	 put	 all	 the	 data	 in	 the	 form	 that	 Modelica
expects	as	input.	The	rearranged	data	is	then	passed	to	the	“Modelica	Code	interface”	that	
runs	 the	 Modelica	 code	 and	 collects	 its	 outputs.	 These	 outputs	 are	 the	 actual	 possible	
dispatch,	fuel	consumption,	and	CO2	production,	as	well	as	the	commodity	production	from	
the	 industrial	 process.	 The	 Modelica	 model	 attempts	 to	 follow	 the	 sampled	 dispatch	
provided	by	RAVEN.	The	actual	possible	dispatch	output	by	Modelica	might	be	different	due	
to	physical	constraints	in	the	dynamics	of	the	N-R	HES	components	that	make	it	impossible	
to	reach	the	requested	dispatch	point.	In	that	case,	Modelica generates the	closest	physically-
possible	dispatch.	Once	all	output	is	collected,	it	is	passed	to	the	“Cash	Flow	PreP”	module	of	
RAVEN,	which	 prepares	 all	 necessary	data	 for	 the	 economics	 analysis	 in	 the	 “Cash	 Flow”
plugin	in	RAVEN.	This	last	module	computes	the	eLCOE.	Depending	on	user-defined	criteria,
RAVEN	 runs	 another	 “inner	 iteration”	 with	 another	 dispatch	 using	 the	 same	 component	
capacities	as	in	the	previous	iteration	or	goes	back	to	the	outer	loop	and	samples	a	new	set	
of	capacities.

The	different	modules	 in	 the	 framework	are	 explained	 in	more	detail	 in	 the	 following	
sections.	 It	 is	 worth	 noting	 that	 this	 flexible	 framework	 allows	 for	 many	 different	
workflows.	 For	 example,	 if	 we	 assume	 that	 the	 “initial	 dispatch”	 is	 already	 the	 optimal	
dispatch	(or	close	to	it),	and	no	“inner”	optimization	is	needed,	the	number	of	iterations	can	
be	set	 to	1	in	the	 inner	 loop.	In	this	manner,	 the	eLCOE	 is	only	evaluated	 for	 the	dispatch	
coming	 from	 the	 “Initial	 dispatch”	module	 and	no	 further	 inner	 iterations	 are	performed.	
Furthermore,	in	such	a	case,	the	Modelica	model	does	not	need	to	be	run.	Modelica	can	be	
bypassed	 and	 the	 data	 assembled	 by	 the	 “Modelica PreP”	 module	 (the	 dispatch	 and	
component	capacities)	can	be	passed	directly	to	the	“Cash	Flow	PreP”	module.
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Figure	1.	Computational	framework	for	economics	analysis	of	N-RHES:	Capacity	and	
dispatch	optimization.

RAVEN2.1.

As	 mentioned,	 the	 RAVEN	 code	 is	 used	 as	 the	 workhorse	 of	 the	 proposed	 HYBRID	
methodology	framework.	The	following	main	features	of	the	RAVEN	code	are	leveraged	in	
the	 HYBRID	 framework.	 RAVEN	 is	 an	 open-source	 project	 and	 it	 can	 be	 downloaded,
including	all	the	capabilities	mentioned	here,	from	its	repository	hosted	on	GitHub	[24].

Ensemble	Model2.1.1.

The	first	feature	of	RAVEN	used	in	the	proposed	methodology	is	the	“Ensemble	Model”	
capability	[25].	Through	this	 feature,	RAVEN	can	combine	multiple	models,	constructing	a	
pipe	network	in	order	to	transfer	information	between	them.	This	means	that	all	the	models	
indicated	in	the	green	boxes	in	Figure	1	just	need	to	be	described	by	indicating	the	inputs	
they	 need	 and	 the	 outputs	 they	 provide.	 RAVEN	 then	 assembles	 the	models,	 finding	 the	
optimal	workflow	then	exchanging	information	between	the	models	automatically.	RAVEN	
is	also	able	to	take	advantage	of	mid-	to	large-sized	computational	clusters,	allowing	RAVEN	
to	dispatch	the	model	runs	in	parallel.	This	RAVEN	capability	is	the	main	driver	for	the	N-R	
HES	 computational	 framework. It	 makes	 the	 framework	 modular	 since	 exchanging	 or	
adding	models	to	the	N-R	HES	framework	is	straightforward.
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Synthetic	Time	Series	Generation2.1.2.

Traditionally,	 to	 analyze	 N-R	 HES,	 historically-measured	 demand	 and	 wind	 data	 has	
been	used.	Using	such	data	for	the	system	optimization	means	that	the	optimization	is	done	
for	 one	 specific	 year	only	where	 the	 optimization	 knows	 the	 future	 perfectly.	 This	 paper	
proposes	 to	 use	 synthetic	 time	 series	 instead	 of	 historic	 data	 to	 lift	 these	 limitations.	
Synthetic	time	series	allow	defining	the	boundary	condition	in	which	the	N-R	HES	operates	
by	creating	stochastically	self-similar	time	histories.	The	unlimited	number	of	time	histories	
made	 possible	 using	 this	 approach	 allows	 the	 stochastic	 optimization	 problem	 to	 be	
considered.	This	methodology	allows	 computing	an	average	optimization	so	 that	 the	 final	
result	of	the	optimization	is	not	bounded	to	a	specific	scenario	(i.e.	the	capacity	optimization	
is	not	limited	to	one	specific	year).

The	procedure	 for	 generating	 synthetic	 scenarios	 for	 renewable	 generations	 and	grid	
loads	 is	described	 in	detail	 in	 [26].	The	 generated	 time	 series	 statistically	 conform	 to	 the	
real	 historical	 measurements	 but	 possess	 different	 temporal	 profiles.	 In	 particular,	 a
combined	 model	 with	 a	 Fourier	 series	 analysis	 and	 an	 autoregressive	 moving	 average	
(ARMA)	 algorithm	 de-trends	 the	 yearly	 measurements	 and	 characterizes	 the	
autocorrelation	of	 the	residues.	The	model,	 trained	on	historically-measured	data,	 is	 then	
able	 to	 generate	 unlimited	 unique	 synthetic	 time	 series.	 The	 synthetic	 data	 generation	
consists	of	producing	independent	white	noise	for	each	time	step,	utilizing	the	ARMA	model	
to	compute	residues	 for	each	 time	step,	and	 finally	adding	 the	Fourier	series	to	represent	
seasonal	trends.

SPSA2.1.3.

The	algorithm	implemented	in	RAVEN	and	used	for	optimization	problems	in	this	work	
is	based	on	the	Simultaneous	Perturbation	Stochastic	Approximation	(SPSA)	technique [27].	
This	gradient-descent	method	approximates	an	N-dimensional	local	gradient	by	comparing	
the	 change	 of	 value	 between	 only	 two	 points.	 Because	 a	 traditional	 gradient	 calculation	
requires	a	number	of	evaluations	equal	to	the	dimensionality	plus	one,	this	approximation	
can	 save	 in	 calculation	 at	 the	 cost	 of	 introducing	 some	error	 into	 the	 gradient.	 If	 enough	
successive	gradient	evaluations	are	performed,	it	is	expected	that,	on	average,	the	algorithm	
will	move	toward	the	optimal	point.	Features	of	the	RAVEN	implementation	of	SPSA	include	
the	choice	between	minimization	and	maximization	problems,	fine	control	over	step-sizing	
parameters,	 and	 limits	 for	 each	 variable	 being	 optimized,	 limiting	 value	 searches	 to	 the	
hypercube	formed	by	the	input	variable	limits.

The	standard	SPSA	algorithm	requires	a	very	large	number	of	samples	 to	significantly	
reduce	the	sequential	step	size	used	in	the	descent	algorithm.	Because	the	step	size	remains	
so	 large,	 even	 in	 relatively	 simple	 problems	 a	 large	 number	 of	 samples	 are	 required	 to	
converge	on	an	optimal	point	in	the	response	space.	To	combat	this	issue,	optimization	was	
divided	 into	 two	 tasks:	 de-noising	 the	 model	 and	 adaptive	 stepping	 gradient	 descent	
optimization.

Stochastic	De-noising

One	way	to	combat	the	complication	of	stochastic	noise	in	an	optimization	environment	
is	to	find	expected	values	of	points	and	gradients.	The	SPSA	algorithm	in	RAVEN	allows	the	
user	 to	request	multiple	evaluations	of	each	sample	 taken.	These	evaluations	will	 then	be	
used	 to	 calculate	 expected	 values,	 reducing	 the	 stochastic	 noise.	 This	 helps	 prevent	 the	
optimizer	from	settling	on	a	local	minimum	discovered	stochastically,	but	on	average	is	less	
optimal	than	the	points	around	it.
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Adaptive	Stepping

To	gain	finer	control	over	the	step	size	and	accelerate	convergence,	a	simple	multiplier	
was	 introduced	 as	 a	 step	 size	 scaler.	 This	 multiplier	 is	 determined	 by	 taking	 the	 inner	
product	 of	 consecutive	 gradient	 evaluations.	 If	 the	 inner	 product	 is	 positive,	 then	 the	
gradients	 are	 aligned,	 and	 the	 algorithm	 is	 detecting	 consistent	 gradients	 in	 a	 similar	
direction	and	the	algorithm	grows	the	step	size.	If	the	product	is	negative,	the	gradients	are	
anti-aligned,	 suggesting	 an	 optimal	 region	was	 passed	 over,	 so	 the	 algorithm	 shrinks	 the	
step	 size.	 The	 degree	 of	 alignment	 scales	 the	 step	 size	 change	 by	 a	 fraction	 equal	 to	 the	
absolute	magnitude	of	the	inner	product.

Multi-trajectory

A	 significant	 pitfall	 of	 gradient	 descent	 algorithms	 is	 local	 minima.	 Because	 the	
algorithm	follows	gradients,	plateaus	or	valleys	that	are	ideal	locally	but	may	not	be	a	global	
optimum	easily	foil	the	descent.	To	combat	this	phenomenon,	RAVEN	allows	multiple	initial	
starting	 points	 to	 be	 identified	 by	 the	 user,	 each	 of	 which	 will	 follow	 an	 independent	
optimization	walk,	or	 “trajectory.”	The	global	optimum	is	assumed	to	be	the	most	 ideal	of	
the	endpoints	of	 each	 trajectory.	 If	 one	 trajectory	begins	 following	another	 trajectory,	 the	
first	 is	 eliminated	 and	 only	 the	 second	 continues.	 The	 threshold	 for	 termination	 is	 a	
parameter	available	to	the	user.

Multi-level	Optimization2.1.4.

The	single-objective	optimization	problem	is	described	in	Eq.	1.

(1)

where: : The	 optimum	 of	 the	 objective,	 i.e.	 the	 minimum	 eLCOE
[$/MWh].

The	vector	containing	all	the	subcomponent	capacities,	e.g.	for	
the	 nuclear	 power	 plant,	 the	 industrial	 process,	 the	 peaking	
gas	turbine	unit,	etc.	[MW].

The	 vector	 containing	 all	 the	 subcomponent	 dispatches,	 e.g.	
the	utilization	factor	for	each	subcomponent	for	each	time	step	
of	the	considered	problem.

A	 realization	 of	 the	 stochastic	 net	 demand	 profile,	 i.e.	 the	
index	of	a	time	history	created	with	the	synthetic	time	series	
generation	tool	in	RAVEN.

The	expected	value	operator	with	respect	 to	 ,	 i.e.	 the	average	
of	the	eLCOE	for	all	possible	demand	profiles.

: The	cost	function	that	computes	the	eLCOE	as	a	function	of	 ,	
and	.

In	 practice,	 solving	 the	 eLCOE	 minimization	 over	 the	 full	 input	 space	 (	 and	 )	
simultaneously	converges	slowly,	requiring	many	iterations	due	to	the	large	dimensionality	of	
the	 combined	 space.	 The	 decision	was	made	 to	 divide	 the	 optimization	 into	 two	 loops.	 This	
allows	 separation	 of	 the	 model’s	 intrinsic	 stochasticity	 (outer	 loop)	 from	 the	 deterministic	
portion	(inner	loop).	In	this	way,	only	the	outer	loop	considers	that	the	eLCOE	will	change	for	
a	given	set	of	component	capacities	and	mean	demand,	but	for	varying	electricity	demand	
and	 VRE	 profiles.	The	outer	 loop	needs	 to	 average	 the	 eLCOE	 for	multiple	 evaluations	 of	
fixed	capacities	with	varying	net	demand	profiles,	while	the	inner	loop	optimization	is	done	
for	a	single	given	demand	history.	Using	this	separation,	we	can	leverage	prior	knowledge	
about	the	dispatch.	Specifically,	if	the	system	has	negligible	inertia	(all	subcomponents	can	
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reach	any	power	 level	much	faster	than	the	time	steps	considered)	the	eLCOE-minimizing	
dispatch	 is	 determined	 exactly	 by	 the	 marginal	 cost	 of	 the	 subsystems	 (see	 “Initial	
Dispatch,”	 below).	 This	 problem	 separation	 into	 stochastic	 outer	 and	 deterministic	 inner	
loops	 leads	 has	 two	 significant	 benefits.	 First,	 the	 overall	 optimization	 has	 shorter	
convergence	due	 to	acceleration	of	 the	 inner	 loop.	Second,	 there	 is	 increased	 flexibility	 in	
the	 analysis	 workflow.	 For	 example,	 the	 workflow	 can	 easily	 be	 changed	 from	 a	 global	
optimization	 of	 	 and	 	 into	 a	 parametric	 study	 for	 ,	 while	 	 still	 is	 optimized,	 or	 optionally	
optimization	of		can	be	replaced	by	simple	dispatch	rules.

The	reformulation	of	Eq.	1	to	represent	a	two-loop	problem	is	given	in	Eq.	2.

(2)

It	 is	worth	noting	 this	 is	not	 the	 same	as	 averaging	 the	 stochastic	 samples	of	 the	 net	
demand	beforehand,	as	displayed	in	Eq.	3.	As	mentioned	before,	neglecting	to	treat	the	input	
stochasticity,	 as	 in	 current	 methodologies,	 strongly	 affects	 the	 problem	 economics	 since	
they	 are	 driven	 by	 rare	 “outlier”	 events,	 i.e.	 the	 tail	 of	 the	 electricity	 demand	 and	 VRE	
availability	distributions.

(3)

where: : The	 average	 realization	 of	 the	 net	 demand	 profile,	 i.e.	 the	
index	of	the	average	of	all	synthetic	time	series	generated	in		
RAVEN.

To	 address	 dividing	 the	 problem	 into	 two	 loops,	 a	Multi-level	 Optimization	 algorithm	
was	 devised	 in	 RAVEN.	 As	 previously	 mentioned,	 the	 outer	 loop	 perturbs	 installed	
capacities	 and	 the	 modified	 SPSA	 algorithm	 seeks	 ideal	 installed	 capacities	 given	 the	
stochastic	nature	of	demand	profiles.	In	the	inner	loop,	the	installed	capacities	are	assumed	
to	be	fixed,	and	instead	the	dispatch	is	optimized	to	fit	a	particular	realized	demand	profile.	
For	 each	 outer	 loop	 optimization	 step,	 many	 inner	 loop	 steps	 are	 taken.	 This	 feature	
manifests	in	RAVEN	as	a	RAVEN	code	interface,	allowing	RAVEN	to	run	subservient	RAVEN	
simulations.

Modelica2.2.

The	physical	modeling	of	 the	N-R	HES	 in	Modelica	employs	a	templated	 infrastructure	
approach	 [2].	 Generally,	 a	 templated	 approach	 enables	 users	 to	 generate	 modules	 for	
subsystem	development	with	little	knowledge	of	other	subsystems.	Specifically,	the	primary	
goals	of	the	templated	approach	are	to:

Develop	 templates	 for	 specific	 implementations	 of	 subsystems	 that	 handle	 all	1.
potential	 interrelated	 subsystem	 signals	 (e.g.,	 control	 systems	 and	 fluid	
connections),	 thereby	 allowing	 the	 users	 to	 focus	 on	 modeling	 their	 respective	
subsystems.

Implement	 templates	 for	 categories	 of	 subsystems	 that	 allow	 users	 to	 easily	2.
interchange	 a	 subsystem	 at	 the	 architecture	 level	 according	 to	 the	 case	 study	 of	
interest	while	minimizing	required	user	knowledge	of	other	subsystems.

Provide	 the	necessary	 interfaces	and	structure	within	 the	 templates	 to	 implement	3.
and	verify	nominal	and	initial	conditions	at	subsystem	interfaces.

Ensure	that	all	templates	are	as	generic	as	possible	to	accommodate	a	large	variety	4.
of	subsystems,	with	minimal	modification	to	the	underlying	infrastructure.

Nine	potential	subsystem	categories	have	been	identified	for	an	N-R	HES	in	the	current	
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configuration.	Figure	2	presents	a	top-level	view	or	architecture	of	the	templated	Modelica-
based	 model.	 Table	 1 provides	 a	 summary	 of	 each	 of	 the	 nine	 subsystem	 categories	 as	
presented	in	Figure	2.	

Figure	2. Top-level	 implementation	of	 an	N-R	HES	using	 a	 templated	 approach:	 identifier	
numbers	are	defined	in Table	1,	and	red	and	green	dotted	lines	are	connection	lines	for	the	
signal	busses.

Table	1. Possible	subsystems	of	an	N-R	HES.
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Ident
ifier

Category Description Implemented	 in	 the	 presented	
demonstration	system

1 Primary	heat	
system	(PHS)

Provides	base	load	
heat	and	power

Small	modular	light	water	reactor	
(SMR).

2 Energy	manifold	
(EM)

Distributes	thermal	
energy	between	
subsystems

Steam	distribution:
Simple	pipes	and	valves	for	

redirection	of	steam	to	BOP/IP	
and	two	volumes	for	additional	

thermal	inertia.

3 Balance	of	plant	
(BOP)

Serves	as	primary	
electricity	supply	

from	energy	not	used	
in	other	subsystems

Steam	Rankine	cycle	with	
thermodynamic	equation-based	
turbine,	ideal	condenser,	and	

return	pump.

4 Industrial	process	
(IP)

Generates	high-value	
product(s)	using	
heat	from	energy	

manifold/secondary	
energy	supply	and	
electricity	from	
switch	yard

High-Temperature	Steam	
Electrolysis	(HTSE)	industrial	
process	unit	that	utilizes	a	

combination	of	thermal	energy	
and	electricity	to	split	water	into	
hydrogen	and	oxygen	in	planar	
solid	oxide	electrolysis	cells.

5 Energy	storage	
(ES)

Serves	as	energy	
buffer	to	increase	
overall	system	
robustness

Battery	with	a	simple	logic-based	
implementation	of	battery	

performance.

6 Secondary	energy	
source	(SES)

Delivers	small	
amounts	of	topping	
heat	required	by	

industrial	processes	
or	rapid	dynamics	in	
grid	demand	that	

cannot	be	met	by	the	
remainder	of	the	

system

Natural gas-fired	turbine	with	
open-ended	Brayton	cycle.

7 Switch	yard	(SY) Distributes	
electricity	between	

subsystems,	
including	the	grid

Ideal	electrical	distribution	to	
subsystems	(i.e.,	no	electrical	

component	models)

8 Electrical	grid	
(EG)

Sets	the	behavior	of	
the	grid	connected	to	

the	NHES

Infinitely	large	grid	(not	
influenced	by	NHES)	that	sets	the	

electricity	frequency.

9 Control	system	
center	(CS)

Provides	proper	
system	control,	test	

scenarios,	etc.

Control/supervisory	systems	and	
event	drivers.	Reads	electricity	
demand	signals	from	RAVEN	and	

sends	to	subsystems.

For	detailed	 information	on	 the	different	 subsystems	 considered	here,	 please	 refer	 to	
[28].	 In	 summary,	 the	 current	 version	 of	 the	 N-R	 HES	 library	 employs	 both	 third	 party	
components	from	the	Modelica	Standard	Library [29], ThermoPower	[30],	and	TRANSFORM	
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[31],	as	well	as	components	developed	internal	to	 the	project	 for	specific	subsystems.	For	
example,	 the	N-R	HES	 library	 contains	a	 large	 variety	of	models	 for	 the	development	of	 a	
high-temperature	 steam	electrolysis	plant,	 a	 gas	 turbine,	 a	 basic	Rankine	 cycle	balance	of	
plant,	 and	 a	 light	 water	 nuclear	 reactor.	 The	 reference	 for	 each	 subsystem	 used	 in	 the	
demonstration	 analysis	 presented	 in	 this	 paper	 is	 indicated	 in Table	 1 in	 the	 rightmost	
column.

Economics	plugin	for	RAVEN2.3.

The	CashFlow	plugin	for	RAVEN	has	been	developed	in	the	framework	of	the	N-R	HES	
project.	The	plugin	allows	computing	the	NPV	(Net	Present	Value),	the	IRR	(Internal	Rate	of	
Return),	and	the	PI	(Profitability	Index).	Furthermore,	it	is	possible	to	do	an	NPV,	IRR	or	PI	
search,	i.e.	CashFlow	will	compute	a	multiplicative	value	(for	example	the	production	cost,	
i.e.	 the	 eLCOE)	 so	 that	 the	NPV,	 IRR	 or	PI	 has	 a	desired	 value.	The	definition	of	 the	 cash	
flows	 for	 the	computation	of	 these	economic	 figures	of	merit	 is	 flexible.	First,	 custom	tax,	
inflation,	and	discount	rates	can	be	input.	Furthermore,	within	CashFlow,	users	may	define	
as	many	“components”	as	necessary.	A	“component”	is	typically	a	part	of	the	system	that	has	
the	same	lifetime	and	the	same	cash	flows,	for	example	a	gas	turbine,	a	battery,	or	a	nuclear	
plant.	Each	component	can	have	as	many	cash	flow	definitions	as	needed.	Each	cash	flow	is	
of	the	form	given	in	Eq.	4	where	y	is	the	year	from	0	(capital	investment)	to	the	end	of	the	
lifetime	of	the	component.

(4)

where: CFy: The	cash	flow	in	[$]	for	year	y.

driver: The	driver	of	the	cash	flow.	This	can	be	any	variable	passed	
into	 the	 plugin	 from	 RAVEN	 or	 the	 name	 of	 another	 cash	
flow.	Drivers	 are	 typically	 the	 capacity	of	 a	 system	 to	 drive	
the	 system’s	 capital	 investment	 or	 commodity	 flows	 that	
drive	revenues.

y: The	 multiplier	 of	 the	 cash	 flow	 for	 each	 year	 (y)	 of	 the	
lifetime	 of	 the	 component	 the	 cash	 flow	 belongs	 to.	 This	
multiplier	monetizes	 the	 driver,	 e.g.	 the	 investment	 for	 the	
reference	size	plant	or	the	commodity	price	for	one	unit.

ref: The	reference	value	for	which	y	is	given.

X: The	economy	of	scale	factor	of	the	cash	flow	(dimensionless).	
If	X<1,	 there	 is	 an	 economy	 of	 scale,	 i.e.	 if	 the	 value	 of	 the	
‘driver’	 doubles,	 the	 resulting	 cash	 flow	 is	 less	 than	 double.	
On	 the	 other	 hand,	 if	 X>1,	 there	 is	 a	 diseconomy	 of	 scale,	
where	the	cash	flow	is	more	than	double	when	doubling	the	
‘driver.’		X	should	be	strictly	greater	than	0.

As	an	illustrative	example	of	a	cash	flow,	Eq.	5	shows	a	capital	expenditure	cash	flow	for	
an	industrial	plant	using	fictitious	numbers.	If	a	reference	plant’s	overnight	cost	is	150	mio.
[$]	 for	a	capacity	of	200 [MW],	and	assuming	an	economy	of	scale	of	0.7,	a	250	MW	plant	
would	cost	CF0=175.4mio.	dollars.

(5)

As	an	additional	example,	Eq.	6	shows	a	revenue	cash	 flow	from	a	commodity	sale
using	 fictitious	numbers.	 In	 this	 example,	 electric	 energy	can	be	sold	 for	30	 [$]	 for	1	unit	
[MWh].	If	during	year	x	of	the	project,	150	MWh	of	electricity	are	sold,	the	revenue	cash	flow	
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from	these	electricity	sales	would	be	CFx=	4500	[$].

(6)

Application	of	the	proposed	N-R	HES	framework	to	a	3.
demonstration	case

This	 second	 section	 of	 the	 paper	 applies	 the	 methodology	 and	 computational	
framework	proposed	above	to	a	generic	N-R	HES	system.	The	first	subsection	will	describe	
the	chosen	N-R	system	in	detail,	while	 the	second	subsection	will	present	and	discuss	 the	
results	obtained	by	the	proposed	software	framework.	

Model	description3.1.

As	 mentioned	 in Table	 1,	 the	 demonstration	 N-R	 HES	 is	 comprised	 of	 several	
components:	a	nuclear	reactor	(light	water	cooled),	a	gas	turbine,	battery	storage,	a	steam	
manifold	and	an	industrial	process	(HTSE	H2	plant).	The	goal	is	to	be	able	to	solve	both	the	
sizing	 of	 the	 components/subsystems	 that	 comprise	 the	 N-R	 HES	 system	 as	 well	 as	 the	
optimal	 dispatch	 strategy	 simultaneously	 under	 the	 constraint	 that	 the	 net	 electricity	
demand	be	 satisfied,	meaning	 the	demand	after	VRE	 contributions	have	 been	 subtracted.	
This	section	describes	the	N-R	HES	configuration	and	selected	framework	workflow	(green	
boxes	in	Figure	1)	considered	for	the	demonstration	problem	presented	in	this	paper.

Outer	RAVEN	sampler3.1.1.

The	 sampler	 in	 the	 outer	 RAVEN	 level	 samples	 the	 component	 capacities,	 i.e.	 the	
capacity	of	the	gas	turbine	[We],	the	industrial	process	[We]	and	the	battery	[Wh].	Note	that	
the	capacities	of	the	gas	turbine	and	the	industrial	process	are	in	Watts	(electric)	while	the	
battery	capacity	 is	energy	 in	Watt-hours.	The	 reactor	capacity	 is	 fixed	 at	300	MWe.	Given	
the	 fixed	 reactor	 size,	 the	mean	 demand	 is	 also	 a	 parameter	 that	 is	 sampled	 and	 can	 be	
optimized.	 In	 addition,	 the	 sampler	provides	 additional	parameters	 for	 sensitivity	 studies	
that	are	not	part	of	the	optimization	space,	such	as	the	VRE	penetration	factor,	the	price	of	
hydrogen,	and	other	constants	needed	by	the	different	submodules	 in	RAVEN,	such	as	the	
thermal	 efficiency	 of	 the	 reactor,	 the	 nominal	 hydrogen	 production	 rate	 of	 the	 industrial	
process,	and	the	maximum	battery	charge	and	discharge	capacities.

Synthetic	Time	History	Generation	(ARMA)3.1.2.

The	VRE	considered	in	the	demonstration	problem	is	wind	power.	After	RAVEN	samples	
the	component	capacities,	 the	 first	modules	 to	run	are	 two	ARMA	models	 for	wind	 speed	
and	electricity	demand,	followed	by	the	ARMA	postprocessor	that	calculates	the	net	demand	
profile.	

Before	 the	 ARMA	 can	 be	 used	 in	 the	 simulation	 to	 generate	 statistically-conformed
synthetic	data,	it	has	to	be	trained	on	measured	data.	This	training	only	needs	to	occur	once	
before	the	ARMA	can	be	used.	The	data	source	used	in	this	paper	and	the	frequency	of	the	
data	 are	 reported	 in	Table	2.	 In	 the	demonstration	simulations	presented	 in	 this	paper,	 a	
total	 simulation	 time	 of	 one	 day	 is	 used	 with	 a	 time	 discretization	 of	 one	 hour.	 The	10-
minute	wind	speed	data	was	therefore	averaged	to	obtain	an	hourly	resolution.	

To	 prepare	 the	data	 for	 training	 the	 ARMA,	 a	 “typical”	 history	 is	 created	 from	 all	 the	
historical	measurements	data	available.	Since	the	simulations	in	this	paper	are	one	day	long,	
a	 prototypical	 day	 needs	 to	 be	 created.	 Different	 approaches	 can	 be	 taken	 to	 create	 this	
prototypical	day.	One	is	that	the	prototypical	day	is	constructed	from	typical	hours	during	
the	year.	However,	 in	 this	approach,	 the	prototypical	 day	will	 consist	 of	 a	 combination	of	
average	hours	where	outliers	have	been	averaged	out.	 Instead,	 the	approach	 taken	 in	 the	
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simulations	presented	here	 is	 for	a	 typical	day	to	be	chosen	out	of	the	year.	To	do	so,	 the	
multiple	years	of	training	data	are	first	divided	into	one-day	slices.	Out	of	these	slices,	the	
one	that	is	closest	to	the	average	of	all	of	them	is	then	taken	to	be	the	prototypical	day.	

In	the	last	step,	the	ARMA	is	trained	so	that	synthetic	time	series	statistically	conform	to	
the	actual	measurement	but	possess	unique	temporal	profiles.	For	both	the	wind	speed	and	
demand	 ARMAs,	 the	minimum	Fourier	 frequency	 considered	 is	 3	 hours.	 Different	 ARMA	
expansion	 parameters	 have	 been	 chosen	 for	 the	 two	 ARMAs,	 namely	 P=6,	 O=1	 for	 the	
demand	and	P=1,	O=2	for	the	wind.	These	parameters	are	the	result	of	earlier	studies	[26,	
32].

Table	2.	Database	information.

Data	Type Time	Span Resolution Region Source

Wind	Speed 2004-2006 10	min	(collapsed	to	1	
hour)

Site	3247 NREL	[33]

Load 2011-2015 Hourly West ERCOT	[34]

In	 order	 to	 construct	 the	 net	 demand	 (done	 in	 “ARMA	 PostP”),	 we	 need	 a	 transfer	
function	 from	wind	speed	to	electricity	generated	by	wind.	The	corresponding	 function	 is	
shown	in	Figure	3	[32].	The	value	of	3.6	MWe	is	chosen	as	the	nominal	value	(corresponding	
to	 the	 Siemens	 SWT-3.6-120	onshore	 turbine)	 for	 computing	 the	 installed	wind	 capacity.	
The	user	 can	 input	a	desired	wind	penetration	 (in	 installed	 capacity)	 in	 the	RAVEN	input	
deck.	This	wind	penetration	 is	 then	used	to	scale	 the	electricity	generated	 from	the	wind.	
Finally,	the	electricity	produced	by	the	wind	is	subtracted	from	the	demand	to	generate	the	
net	demand	for	the	given	wind	penetration.

Figure	3.	Wind	speed	to	electricity	conversion	for	wind	turbines.

Initial	Dispatch3.1.3.

As	 shown	 in	 Figure	 1,	 once	 the	 net	 demand	 is	 generated,	 it	 is	 passed	 to	 the	 “Initial	
Dispatch”	 module	 together	 with	 the	 sampled	 capacities.	 The	 “Initial	 Dispatch”	 module	
creates	 from	 this	 information	an	 initial	 dispatch	 schedule	 for	 each	 component	of	 the	N-R	
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HES.	Currently,	this	initial	dispatch	is	based	on	marginal	cost.	Depending	on	how	close	the	
eLCOE-minimizing	dispatch	is	to	the	initial	dispatch,	it	can	directly	be	used	as	the	optimal	
dispatch,	or	it	can	be	used	as	initial	guess	for	the	dispatch	optimization	loop	(see	below).	It	
can	be	shown	that	for	a	system	without	inertia,	the	dispatch	based	on	marginal	cost	is	in	fact	
already	the	optimum.

The	 current	 algorithm	 used	 for	 the	 “Initial	 Dispatch”	module	 assumes	 no	memory	 or	
predictive	capability.	Therefore,	for	every	time	step,	the	dispatch	is	generated	according	to	
the	different	marginal	costs	of	the	different	N-R	HES	components	only.	Since	 the	marginal	
cost	of	 the	battery	cannot	be	 assessed	given	 the	assumption	of	no	memory	 (the	marginal	
cost	of	the	battery	would	be	the	average	price	at	which	the	battery	purchased	electricity	to	
charge),	it	is	used	as	a	last	resort	in	the	dispatch.

The	nuclear	reactor	is	assumed	to	work	at	nominal	capacity	at	all	times.	It	can	dispatch	
steam	to	the	steam	turbine	to	produce	electricity	or	divert	steam	to	 the	IP.	Assuming	 that
the	 IP	has	 to	 get	 all	 the	steam	and	electricity	 it	 needs	 from	 the	 reactor	 (i.e.	 it	 cannot	buy	
electricity	 from	the	grid)	 there	 is	a	defined	minimum	of	electricity	 that	 the	reactor	has	 to	
provide	to	the	grid.	This	minimum	electricity	is	the	difference	between	the	reactor	capacity	
and	the	total	(steam	and	electricity)	energy	needed	by	the	industrial	process	when	it	runs	at	
its	 maximum	 capacity	 (see	 Figure	 4).	 This	 minimum	 can	 be	 zero	 depending	 on	 the	 IP	
capacity.

Figure	4.	Minimum	electricity	the	reactor	has	to	provide	to	the	grid	as	a	function	of	the	
industrial	process	capacity.

The	flow	diagram	of	the	“Marginal	cost	and	battery	as	last	resort”	dispatch	is	shown	in	
Figure	 5.	 Two	 main	 cases	 exist,	 depending	 on	 whether	 the	 net	 demand	 is	 less	 than	 the	
minimum	electricity	the	reactor	has	to	provide	to	the	grid	(React.	min)	or	not.

The	 case	 in	which	 the	 net	 demand	 is	 less	 than	 Reactor	Minimum,	 or	 “React.	 Min,”	 is	
fairly	simple:	the	reactor	provides	its	minimum	electricity	while	the	IP	runs	at	capacity	and	
the	gas	turbine	does	not	produce	anything.	The	battery	tries	to	absorb	the	overproduction	
from	 the	 reactor	 as	much	 as	 possible	 according	 to	 its	maximum	 charge	 rate	 and	 current	
charge	level.	In	this	case,	the	amount	of	electricity	provided	to	the	grid	might	be	larger	than	
the	 net	 demand.	 In	 that	 case,	 the	 economic	 analysis	 of	 the	 system	 adds	 a	 penalty	 for	
overproduction.

The	second	case,	in	which	the	net	demand	is	larger	than	“React.	Min,”	is	more	complex.	
In	this	case,	first	the	reactor	dispatches	the	fraction	it	has	to	(React.	min)	since	the	marginal	
cost	for	that	portion	of	the	reactor	capacity	is	zero.	For	the	rest	of	the	demand	(Net	demand	-	
React.	min),	the	component	with	the	least	marginal	cost	(but	bigger	than	zero)	is	dispatched	
first.	 The	 marginal	 cost	 of	 the	 gas	 turbine	 is	 assessed	 as	 the	 variable	 operation	 and	
maintenance	 (O&M)	 cost	 including	 the	 fuel	 cost.	 The	marginal	 cost	 of	 the	 portion	 of	 the	
reactor	 capacity	 that	 could	 be	 used	 to	 produce	 hydrogen	 in	 the	 industrial	 process	 (“IP	
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capacity	steam”	and	“IP	capacity	electricity”	in	Figure	4)	is	assessed	as	the	opportunity	cost	
of	not	producing	hydrogen.	If	whichever	component	dispatches	first	cannot	cover	the	rest	of	
the	demand	 completely,	 the	other	will	attempt	 to	cover	 it.	 If	 both	 the	reactor	and	 the	gas	
turbine	at	full	capacity	(and	therefore	the	industrial	process	is	shut	down)	cannot	cover	the	
demand	completely,	the	battery	will	try	to	compensate	for	the	underproduction.	The	battery	
discharges	according	to	its	maximum	discharge	rate	and	current	charge	level.	If	the	battery	
cannot	cover	the	remaining	demand,	the	economic	analysis	of	the	system	adds	a	penalty	for	
the	missed	demand.

It	is	worth	mentioning	that	in	all	cases	presented	in	this	paper,	the	battery	is	initially	(at	
time	 zero)	 considered	50%	 full.	 This	 is	 considered	 to	be	 the	optimal	 state	of	 the	battery,	
since	it	can	help	absorb	or	provide	electricity	if	needed.	Furthermore,	the	maximum	change	
and	discharge	rates	are	assumed	to	be	25%	of	the	battery	capacity	per	hour.

Figure	5.	Dispatch	according	to	marginal	cost	for	the	reactor	and	the	gas	turbine;	the	battery	
dispatches	as	last	resort.

Inner	RAVEN	sampler3.1.4.

The	 dispatch	 schedules	 for	 all	 the	 components	 (the	 reactor,	 the	 gas	 turbine,	 the	
industrial	process,	and	 the	battery)	are	passed	 from	the	outer	 loop	RAVEN	 into	 the	 inner	
loop	workflow.	The	inner	loop	sampler	can	be	used	in	two	ways:

Pass	through: If	 it	 can	be	 assumed	 that	 the	 “initial	 dispatch”	provided	 from	 the	-
outer	RAVEN	level	is	already	the	optimal	dispatch,	the	inner	sampler	can	be	set	
to	“pass	through.”	This	assumption	is	true	if	there	is	no	inertia	in	the	system	for	
the	considered	time	step	size,	i.e.	the	system	can	reach	any	arbitrary	state	at	the	
end	of	any	time	step.	In	that	case,	the	system	dynamics	of	Modelica	can	also	be	
bypassed.	In	the	“pass	through”	case,	the	initial	dispatch	is	simply	passed	to	the	
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subsequent	Cash	Flow	module	and	once	the	eLCOE	is	computed,	the	inner	level	
returns	the	eLCOE	back	to	the	outer	level.

Optimizer: If	 the	 “initial	 dispatch”	 is	 not	 the	 optimal	 one,	 the	 inner	 sampler	-
can	 try	 to	 further	optimize	 the	dispatch	schedule	 for	 the	components	 to	 lower	
the	eLCOE.	In	particular,	the	inner	RAVEN	optimizer	can	change	the	production	
level	 for	 each	 time	 step	 of	 the	 simulation	 of	 the	 gas	 turbine	 and	 industrial	
process.	The	corresponding	reactor	electricity	production	level	is	computed	in	
“ModelicaPreP.”	The	battery	charge	and	discharge	 levels	 for	 each	hour,	 i.e.	 the	
dispatch	of	the	battery,	are	fixed	to	the	values	from	the	“initial	dispatch”	and	the	
optimizer	 cannot	 change	 them.	 Allowing	 the	 optimizer	 to	 vary	 the	 battery	
dispatch	 schedule	 will	 lead	 to	 the	 optimizer	 trying	 to	 play	 the	 market	 by	
charging	and	discharging	the	battery	to	maximize	profit.	That	is	not	the	assumed	
purpose	of	the	battery	in	this	exercise;	the	battery	is	instead	assumed	to	help	the	
system	 satisfy	 the	 net	 demand.	 The	 inner	 optimizer	 will	 iterate	 attempts	 to	
minimize	the	eLCOE	by	changing	the	dispatch	until	the	convergence	criteria	(or	
maximum	number	of	iterations)	are	satisfied.	The	inner	loop	then	exits	and	the	
eLCOE	is	passed	back	to	the	outer	loop.

Modelica	and	its	Preprocessor3.1.5.

The	 modules	 “Generate	 Vectors”	 and	 “Modelica PreP”	 in	 Figure	 1	 collect	 all	 the	
necessary	data	passed	through	from	the	outer	and	inner	level	samplers	and	combine	it	into	
the	 format	 needed	 by	 the	 Modelica	 code	 interface.	 In	 particular,	 the	 “Modelica PreP”
computes	 the	 reactor	 electricity	production	 levels	 (dispatch)	 from	 the	 sampled	 industrial	
process	dispatch.	The	Modelica	Code	Interface	is	an	integrated	part	of	RAVEN.	It	collects	all	
the	 necessary data	 for	 the	Modelica	 simulation,	 runs	 it,	 and	 collects	 the	 required	 output	
values	from	the	output	files	of	Modelica.

The	 templated	Modelica	model	 described	 above	 has	 been	 used	 in	 the	 demonstration	
calculations.	 The	 Modelica	 model	 includes	 detailed	 representations	 (sub-models	 as	
indicated	in Table	1)	for	each	component	and	subsystem	in	the	N-R	HES	in	order	to	properly	
characterize	the	dynamic	interactions	of	the	integrated	subsystems.	Detailed	information	on	
the	different	sub-component Modelica	models	can	be	found	in	[29].

Cash	Flow3.1.6.

The	 “Cash	 Flow	 PreP”	 and	 “Cash	 Flow”	 modules	 compute	 the	 eLCOE	 from	 the	
component	capacities	and	dispatch	schedules.	For	all	cases	studied	in	this	report,	the	same	
economic	numbers	and	associated	cash	flows	are	used.	Cash	flows	are	defined	in	the	“Cash	
Flow”	module,	 one	 of	which	 depends	 on	 the	 eLCOE.	 The	 eLCOE	 is	 computed	 so	 that	 the	
resulting	NPV	of	all	 cash	 flows	 is	 zero.	The	NPV	considered	here	 is	 the	NPV	of	 the	whole	
system,	not	the	individual	components.	Individual	components,	such	as	the	battery,	could	be	
unprofitable	as	long	as	 the	global	system	satisfies	NPV=0.	The	following	sections	describe	
the	cash	flows	used	and	their	associated	economic	values.

Cash	flows	unrelated	to	a	component

Two	cash	flows	are	defined	that	are	not	part	of	any	component:	revenue	from	electricity	
and	the	over/under	production	penalties.	These	cash	 flows	are	discussed	 in	 the	 following	
paragraphs.

The	overall	optimization	goal	is	to	find	the	minimum	eLCOE	that	satisfies	an	average	net	
demand	 profile	 for	 a	 given	mean	 demand	 and	 renewable	 penetration.	 The	 revenue	 from	
electricity	 does	 not	 depend	 on	 the	 individual	 production	 rates	 from	 the	 different	
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components	in	the	N-R	HES,	but	only	on	the	net	demand	due	to	the	presence	of	the	penalty	
(see	below).	As	 such,	 the	driver	 for	 the	revenue	 cash	 flow	 is	 the	 total	 energy	 in	one	year	
requested	 by	 the	 net	 demand	 profile,	 i.e.	 the	 integral	 of	 the	 net	 demand	 over	 one	 year.	
Multiplying	this	cash	flow	driver	by	the	eLCOE	yields	the	electricity	revenue	for	the	whole	N-
R	HES.

If	the	net	demand	is	not	met	by	the	components	of	the	N-R	HES,	a	penalty	must	be	paid.	
This	penalty	can	be	seen	as	a	price	to	be	paid	for	an	external	entity	to	absorb	the	electricity	
or	 to	 compensate	 for	 the	missed	demand.	 In	 this	manner,	 the	 net	demand	 can	 always	 be	
considered	 met	 and	 the	 penalty	 becomes	 part	 of	 the	 cost	 to	 meet	 that	 demand.	 An	
exponential	penalty	with	a	cap	is	considered	as	shown	in	Figure	6	[35].	The	function	shows	
the	price	 for	over-	or	under-produced	MWh	for	demand	 in	MW.	The	penalty	 to	be	paid	 is	
computed	by	multiplying	the	penalty	function	with	the	missed	electricity	for	each	hour:

(7)

where: P Penalty	due	to	missed	demand	to	be	paid	[$]	for	one	year.

MDt Missed	 demand	 [MW]	 at	 time	 step	 t,	 i.e.	 the	 difference	
between	 the	 net	 electricity	 demand	 and	 the	 sum	 of	 the	
production	for	all	components	at	time	t. For	clarification,	the	
time step	 is	 one	hour	 and	 consequently,	 the	 average	power	
[MW]	is	equal	to	the	energy	in	one	hour	[MWh].

fp: Price	 [$/MWh]	 as	 a	 function	 of	 missed	 demand	 [MW]	 as	
shown	in	Figure	6.

Figure	6.	Penalty	function	for	missed	(net)	demand.

Component	cash	flows

The	following	components	of	the	cash	flow	have	been	defined	in	the	CashFlow	software	
as	presented	in	Table	3.	Details	on	how	these	numbers	have	been	derived	can	be	found	in	
[2].

Table	3.	Economics	parameters	of	example	N-R	HES	components.
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Nuc.	Reactor	
inc.	grid	

connection

IP Steam	
Manifold

Gas	turbine Battery

Lifetime	[y] 60 40 60 40 10

Tax	[%] 39.2

WACC	[%] 5.0

Inflation	[%] 3.0

Overnight	
capital	cost $1.96	bio.

$153	
mio./
231MW

$55	mio.
$386.8	mio./
400MWe

$350	/kWh

Economy	 of	
scale	 factor	
“X”

- 1.0 - 0.72 1.0

Revenue
Part	of	

electricity

Hydrogen	
sales	
(fixed	
price)

-
Part	of	

electricity
-

Fixed	O&M $40.71	
mio./y

$3.5mio./y
/231MW

$5.5	
mio./y

$7.5	mio./y $3.5	/kWh

Variable	
O&M $0.5	/MWh

$0.048	/kg	
of	H2

- $4.27	/MWh -

Fuel	cost
$8.4	/MWh - -

$33.636	
/MWh

-

Depreciation 15	year	Modified	Accelerated	Cost	Recovery	System	
(MACRS)

7	year
MACRS

Demonstration	Calculations3.2.

As	discussed,	 the	demand	 is	 treated	stochastically	 in	all	 simulated	cases.	That	 is,	 for	a	
given	set	of	installed	capacities	in	the	N-R	HES,	the	eLCOE	is	not	a	constant	because	the	net	
demand	profile	 is	variable.	By	evaluating	 the	economy	of	 the	same	N-R	HES	capacities	on	
multiple	variable	years	and	averaging	the	eLCOEs	obtained	during	the	optimization,	we	can	
find	the	optimal	size	for	an	arbitrary	net	demand	profile.	To	determine	the	optimal	size	of	
the	N-R	HES	system,	 system	components	must	be	utilized	optimally	 for	each	 system	size,	
that	 is,	 the	 dispatch	 of	 the	 different	 components	 needs	 to	 be	 optimized	 with	 respect	 to	
minimizing	 the	 eLCOE.	 For	 a	 copper	 plate	 model,	 it	 can	 be	 shown	 that	 the	 most	
economically	 efficient	 strategy	 for supplying	 the	 electricity	 demand	 is	 based	 on	 the	 least	
marginal	cost	(as	occurs	in	current	deregulated	markets).	However,	this	is	no	longer	true	in	
the	presence	of	system	inertia,	as	prediction	of	future	demand	trends	has	to	be	considered	
to	 justify	 complex	decisions	 such	 as	 selling	 at	 a	 loss.	 For	 example,	 a	 nuclear	power	plant	
may	 elect	 to	 cope	 with	 a	 negative	 electricity	 price	 without	 reducing	 plant	 power,	 since	
staying	at	power	allows	the	plant	to	profit	a	few	hours	later	when	the	electricity	price	spikes	
again.	 By	 introducing	 Modelica	 models,	 inertia	 can	 be	 captured	 in	 the	 system,	 and	 the	
marginal	cost	dispatch	is	no	longer	optimal.	Nevertheless,	to	accelerate	the	optimization	for	



20

1 Wind penetration is defined as a percent of the mean electricity demand. Hence “100% penetration” equates to an 
installed wind capacity equal to mean demand. Note, however, that the mean production from wind is about 27% 

the	dispatch,	the	marginal	cost	can	be	used	as	an	initial	guess	[36].

In	order	 to	understand	the	model	and	progress	 in	a	stepwise	 fashion	to	N-R	HES	size	
optimization	with	a	full	dispatch	optimization	leveraging	Modelica,	several	simulations	have	
been	 performed	 with	 increasing	 complexity.	 Hourly	 time	 resolution	 was	 selected	 for	 all	
simulation	cases.	All	cases	are	summarized	in	Table	4.

Case	1: The	first	test	is	a	simple	parametric	sweep	where	the	economic	performance	of	
the	systems	is	monitored	as	a	function	of	N-R	HES	component	sizes,	and	as	a	function	of	
the	 hydrogen	 production	 price	 (industrial	 processes	 used	 in	 the	 reference	 N-R	 HES	
configuration	chosen	are	shown	in	Table	3).	In	this	case,	a	marginal	cost	dispatch	model	
replaces	the	physical	system	model	(the	Modelica	model),	so	no	dispatch	optimization	is	
performed.	The	simulation	time	is	one	day.

Case	2: Same	as	case	1,	but	with	a	simulation	time	of	one	year.	This	allows	conclusions	to	
be	drawn	on	how	accurate	 the	 eLCOE	 is	when	extrapolating	 from	one-day	 simulation	
time	to	one	year.

Case	3: Same	as	case	1,	but	the	dispatch	is	optimized.	Cases	with	and	without	Modelica	in	
the	 dispatch	 optimization	 are	 shown.	 This	 allows	 quantification	 of	 the	 impact	 of	
component	inertia	by	comparison	with	case	1.

Case	4: The	 capacity	 (i.e.	 subsystem	 size)	 of	 components	 are	 optimized	 to	 minimize	
eLCOE.	As	in	case	1,	a	marginal	cost	dispatch	model	replaces	the	Modelica	model,	i.e.	no	
dispatch	 optimization	 is	 performed.	 The	 simulation	 time	 is	 one	 day.	 This	 will	
demonstrate	capacity	optimization	for	an	N-R	HES	configuration.	The	optimizer	should	
find	a	similar	minimum	identified	in	the	parametric	sweep	(grid)	found	in	cases	1	and	3.

Case	5: Analyis	 is	 performed	 to	 optimize	 capacity	 and	 dispatch	 with	 Modelica-based	
models	representing	the	physical	system.	The	simulation	time	is	one	day.

Table	4.	Simulation	cases.

Case
Component	capacity	
seeking	algorithm

Dispatch Modelica
Simulation	
time

1 Grid Marginal	cost No 1	day

2 Grid Marginal	cost No 1	year

3 Grid Optimized Yes 1	day

4 Optimized Marginal	cost No 1	day

5 Optimized Optimized Yes 1	day

Discussion	of	Results3.2.1.

Case	1

This	case	is	characterized	by	use	of	a	marginal	cost	dispatch	(no	Modelica	model),	and	
performing	a	parametric	sweep	over	the	hydrogen	price	(0	$/kg,	to	3.5	$/kg),	the	nominal	
wind	penetration1	(0%	to	200%),	the	industrial	process	capacity	(0	MWe,	to	600	MWe),	the	



21

of the installed capacity given the high variability of wind.

raw	demand	(100	MWe	to	600	MWe),	the	battery	capacity	(SE	in	figures)	(100	MWh	to	600	
MWh)	 and	 the	 gas	 turbine	 capacity	 (SES	 in	 figures)	 (100	MWe	 to	 600	MWe).	 The	 reactor	
power	is	kept	constant	at	300	MWe.

This	grid	contains	15,552	points.	For	each	of	the	points,	19	different	random	time	series	
of	wind	and	demand	have	been	generated,	for	a	total	of	294,488	simulations,	in	attempt	to	
represent	an	average	behavior	for	each	point	of	the	grid.	Results	(Figure	7	to	Figure	15)	are	
reported	 in	 a	5-dimensional	 axis	 plot	where	 the	major	 axes	 are	 IP	 capacity	 and	Demand,	
while	the	minor	axes	are	gas	turbine	capacity	and	battery	size.	The	color	map	is	determined	
by	 the	 eLCOE	 (i.e.	 the	 cost	 of	 meeting	 net	 demand).	 Low	 electricity	 cost	 (low	 eLCOE)	 is	
highlighted	by	a	deep	blue	color	while	deep	red/brown	(capped	at	300	$/MWh	for	better	
readability)	indicate	high	eLCOE.

There	 are	 global	 trends	 that	 can	 be	 identified	 in	 the	 results.	 First,	 there	 is	 an	 almost	
constant	valley	of	low	prices	along	the	lower	left	to	the	upper	right	diagonal	on	the	major	
axes.	This	diagonal	expresses	an	optimal	relationship	between	IP	capacity	and	demand.	The	
effect	of	the	presence	of	the	IP	is	even	felt	at	0	$/kg	for	the	hydrogen	price.	This	is	due	to	the	
absorption	 of	 net	 demand	 volatility	 of	 the	 IP.	 Even	 if	 there	 is	 no	 revenue	 from	 selling	
hydrogen	there	 is	a	gain	 in	not	paying	the	penalty	 for	over	or	under	production,	which	 in	
certain	 ranges	 exceeds	 the	 capital	 cost	 of	 constructing	 the	 plant.	 This	 behavior	 is	 not	
generally	 ideal	 but	 is	 symptomatic	 of	 the	 importance	 of	 volatility	 absorption.	 It	 is	 worth	
noting	that	the	above-mentioned	behavior	is	smoothed	by	the	presence	of	the	gas	turbine	as	
a	secondary	energy	system	(SES).

In	general,	 increasing	the	capacity	of	the	gas	 turbine	always	has	a	positive	effect.	This	
trend	 may	 not	 infinitely	 continue	 with	 increasing	 plant	 size,	 but	 for	 the	 capacities	
considered	 was	 always	 desirable.	 It	 is	 noteworthy	 that	 capital	 costs	 for	 the	 turbine	 are	
relatively	low	and	therefore	this	type	of	idle	capacity	is	not	too	impactful	on	the	total	cost	of	
electricity,	whereas	the	ability	to	provide	on-demand	peak	power	greatly	reduces	costs	paid	
in	mismatch	demand	penalty.

Global	trends	additionally	indicate	that	the	installed	wind	capacity	has	a	strong	effect	in	
raising	the	eLCOE	due	to	the	added	net	demand	volatility	and	consequently	higher	penalty	
costs	(Figure	9,	Figure	12,	Figure	15)	which	is	globally	mitigated	only	by	when	we	operate	
with	high	margins	in	the	hydrogen	production	(Figure	15).	It	is	interesting	to	note	that	the	
battery	effect,	while	generally	small,	tends	to	be	dependent	on	the	other	parameters.	In	fact,	
one	may	notice	that	in	Figure	12	for	low	demand	and	large	industrial	process	capacity,	and	a	
small	 gas	 turbine	 capacity,	 increasing	 battery	 size	 correlates	 with	 an	 decreasing	 eLCOE.
Meanwhile,	as	the	size	of	the	gas	turbine	increases,	this	behavior	is	reversed.

General	 observation	 confirms	 that	 the	 hydrogen	 plant	 offers	 two	 benefits.	 At	 low	
hydrogen	 prices	 the	 plant	mitigates	 net	 demand	 volatility.	 This	 is	 true	 at	 high	 hydrogen	
prices	as	well,	but	the	more	direct	revenue	is,	the	more	prominent	benefits	of	the	industrial	
process	when	the	hydrogen	price	is	high	is	in	direct	revenue.
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Figure	7.	eLCOE	color	map	for	Case	1.	H2	price	0	$/kg,	wind	penetration	0%.

Figure	8.	eLCOE	color	map	for	Case	1.	H2	price	0	$/kg,	wind	penetration	100%.

Figure	9.	eLCOE	color	map	for	Case	1.	H2	price	0	$/kg,	wind	penetration	200%.
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Figure	10. eLCOE	color	map	for	Case	1.	H2	price	1.75	$/kg,	wind	penetration	0%.

Figure	11.	eLCOE	color	map	for	Case	1.	H2	price	1.75	$/Kg,	wind	penetration	100%.

Figure	12. eLCOE	color	map	for	Case	1.	H2	price	1.75	$/kg,	wind	penetration	200%.



24

Figure	13. eLCOE	color	map	for	Case	1.	H2	price	3.5	$/kg,	wind	penetration	0%.

Figure	14.	eLCOE	color	map	for	Case	1.	H2	price	3.5	$/kg,	wind	penetration	100%.

Figure	15.	eLCOE	color	map	for	Case	1.	H2	price	3.5	$/kg,	wind	penetration	200%.
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Case	2

This	case	is	equivalent	to	Case	1	except	for	the	duration	of	the	time	for	which	the	system	
is	monitored	before	extrapolating	the	cash	flow	to	the	lifetime	of	the	project.	The	goal	of	this	
test	 is	 to	 assess	 the	 impact	 of	 a	 complete	 year	 history	 accounting	 for	 seasonal	 effects.	 It	
should	 be	 equivalent	 to	 a	 one-day	 simulation	 using	 365	 de-noising	 repetitions	 with	 a	
surrogate	trained	on	the	average	day	(ARMA)	producing	days	that	are	representative	of	the	
full	year. But	since	the	previous	calculation	was	done	with	ARMA,	differences	are	expected.	
The	simulation	was	run	using	29	de-noising	repetitions.	The	same	grid	points	than	for	Case	
1	have	been	sampled.

The	resulting	plots	(Figure	16	to	Figure	18)	are	very	similar	to	those	presented	in	Case	1	
for	low	wind	penetration.	The	high	wind	penetration	cases	show	much	higher	values	of	the	
cost	of	electricity	than	when	one	day	is	chosen	as	a	representative	time	period.	The	reason	
for	 this	 behavior	 can	 be	 found	 in	 the	much	 larger	 statistical	 sampling	 that	 the	 one-year	
represents	 in	 contrast	 to	 the	 one-day	 case.	 The	 representative	 day	 cannot	 be	 used	 to	
construct	the	representative	cost	of	electricity	when	high	net	demand	volatility	is	present.	
Mathematically,	volatility	acts	as	a	non-negative,	nonlinear	penalty	function	that	causes	the	
outliers	 (days	with	 very	 high	or	 very	 low	wind	 speed)	 to	 significantly	 impact	 the	 cost	 of	
electricity.	 In	 other	words,	 rare	 events	 contribute	 significantly	 to	 the	 eLCOE.	 Despite	 the	
eLCOE	being	higher	for	high-wind	cases,	the	trends	in	Case	2 are	the	same	as	shown	in	Case	
1.	This	 is	 due	 to	 the	magnifying	effect	 of	 the	penalty	 function.	Given	 that	 the	penalty	 is	 a	
monotonically-growing	function	of	the	unmet	demand,	its	effect	changes	the	magnitude	but	
not	the	shape	of	the	eLCOE.

This	simulation	case	highlights	the	importance	of	not	relying	on	average	values	for	net	
demand	with	large	volatility.	It	is	important	to	consider	larger	time	intervals	(e.g.	one	year)	
rather	 than	 one	 day	 to	 construct	 the	 characteristic	 response	 and	 evaluate	 the	 residual	
variance	 to	assess	how	much	exposure	 the	system	might	have	 to	nonlinear	 feedback.	The	
larger	 the	 residual	 volatility	 after	 the	 de-trending	 of	 the	 signal	 (removal	 of	 the	 Fourier	
components),	the	more	significant	the	variance	that	might	excite	nonlinear	feedback	of	the	
system,	embodied	by	 the	penalty	 function.	These	results	 illustrate	 the	value	of	having	 the	
capability	 to	perform	this	 type	of	 analysis	as	part	of	an	 integrated	 framework	that	allows	
analysis	on	large	number	of	simulation	ranging	from	one	day	to	one	year.	

Figure	16. eLCOE	color	map	for	Case	2.	H2	price	3.5	$/kg,	wind	penetration	0%.
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Figure	17. eLCOE	color	map	for	Case	2.	H2	price	3.5	$/kg,	wind	penetration	100%.

Figure	18. eLCOE	color	map	for	Case	2.	H2	price	3.5	$/kg,	wind	penetration	200%.

Case	3

The	goal	of	Case	3	is	to	investigate	the	optimization	of	the	dispatch	for	fixed	capacities.	A	
parametric	 grid	 sweep	was	 performed	 for	 the	 capacity	 combinations	 of	 the	 components,	
and	 the	dispatch	has	been	optimized	 for	 each	stochastic	measurement.	 It	 is	assumed	 that	
without	 inertia	 provided	 by	 Modelica	 modeling,	 the	 marginal	 dispatch	 is	 the	 optimal	
dispatch.	Before	introducing	Modelica	into	the	calculation,	this	assumption	was	checked	by	
optimizing	the	dispatch	of	selected	capacity	points	without	Modelica.	Table	5	shows	three	
different	dispatch	optimization	runs	without	Modelica.	All	runs	shown	are	for	a	gas	turbine	
capacity	of	 100	MWe,	 a	 battery	 capacity	of	 60	MWh,	 an	 IP	 capacity	 of	 300	MWe,	 a	mean	
demand	of	400	MWe,	and	a	wind	penetration	of	100%.	As	can	be	seen	from	the	first	run,	if	
the	penalty	is	more	expensive	than	the	marginal	cost	of	the	gas	turbine	(SES)	and	balance	of	
plant	(BOP),	the	eLCOE	from	the	marginal	cost	dispatch	cannot	be	optimized	further	and	the	
optimizer	converges	 to	the	marginal	eLCOE.	 In	 the	second	run,	 the	maximum	penalty	cost	
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for	one	MWh	of	missed	demand	is	reduced	to	$50,	which	is	lower	than	the	marginal	cost	of	
the	 BOP	 (which	 is	 assumed	 to	 be	 the	 opportunity	 cost	 of	 not	 producing	 hydrogen).	 The	
optimizer	 can	 find	 a	 slightly	 better	 solution	 than	 the	 marginal	 cost	 dispatch	 estimate	
(77.51$/MWh	 vs	 76.21%/MWh).	 In	 this	 case,	 the	 optimizer	 elects	 not	 to	 produce	 some	
electricity,	preferring	to	pay	the	penalty.	For	example,	1	MWh	produced	from	the	BOP	costs	
$88.94	but	the	penalty	cost	is	only	$50.	In	the	last	run,	if	the	price	of	hydrogen	is	zero	and	
therefore	 the	marginal	cost	of	 the	BOP	 is	zero,	 there	 is	no	better	solution	 than	 the	eLCOE
from	 the	marginal	 cost	 dispatch.	 If	 the	penalty	 cost	 is	 below	 the	marginal	 cost	 of	 the	 gas	
turbine,	 the	 same	behavior	observed	 for	 the	 BOP	 is	 also	 seen	 for	 the	 gas	 turbine,	 i.e.	 the	
optimizer	elects	to	pay	the	penalty	instead	of	producing	electricity	with	the	gas	turbine.	In	
all	 simulation	 cases	 shown	 in	 this	 document,	 the	 penalty	 cost	 is	 higher	 than	 the	 highest	
marginal	 cost	 of	 all	 components,	 i.e.	 the	 eLCOE	 from	 the	 marginal	 cost	 dispatch	 is	 the	
optimal	dispatch,	assuming	no	inertia	in	the	system.

Table	5.	Marginal	cost	dispatch	vs.	optimized	dispatch	for	different	maximum	penalty	
costs.

Marginal	
Cost

Marginal	
Cost

Marginal	cost	
dispatch Optimizer

Max	
penalty

H2

price SES BOB
Penalty	
paid LCOE

Penalty	
paid LCOE

[$/MWh	
missed] [$/kg]

[$/	
MWh]

[$/	
MWh]

[M$/	
year]

[$/	
MWh] [$/year]

[$/	
MWh]

400 3.5 37.9 88.94 390.4 261.7 390.4 261.7

50
3.5 37.9 88.94 49.9 77.51 64.6 76.21

50 0 37.9 0 49.9 117.02 49.9 117.02

For	Case	3	the	number	of	points	in	the	parametric	grid	sweep	was	reduced	because	of	
the	 much	 larger	 computational	 effort	 that	 results	 from	 the	 high-fidelity	 Modelica
representation	of	the	N-R	HES.	Moreover,	the	span	of	the	parameter	range	was	reduced	to	
be	 closer	 to	 the	 nominal	 value	 for	 which	 the	 Modelica	 model	 of	 the	 N-R	 HES	 has	 been	
designed.	 The	 parametric	 grid	 includes	 hydrogen	 prices	 (1.75	 $/kg	 to	 3.5	 $/kg),	 wind	
penetration	 (0%	 to	 100%),	 industrial	 process	 capacity	 (48.59	MWe	 to	 53.7	MWe),	 mean	
demand	(200	MW	to	400	MW),	battery	capacity	(ES	in	figures)	(15	MWh	to	25	MWh).	and	
gas	turbine	capacity	(SES	in	figures)	(28	MWe	to	42	MWe).	As	previously,	the	reactor	power	
is	kept	constant	at	300	MWe.

This	 simulation	 highlights	 one	 of	 the	 major	 problems	 when	 dealing	 with	 numerical	
codes	that	have	to	be	run	in	succession.	Even	if	a	very	small	number	of	Modelica	simulations	
fail	 to	successfully	complete	(~1%)	 for	numerical	or	other	reasons,	 the	overall	 simulation	
also	fails	due	to	the	intrinsic	sequential	nature	of	the	optimization	algorithm	used.	Failure	
appears	 to	be	associated	with	a	high	penetration	of	wind	(no	 failure	detected	at	0%	wind	
penetration).	 This	 result	 appears	 to	 indicate	 that	 the	 failures	 are	 associated	 with	 large	
oscillation	within	the	dispatch	time	history.	The	mitigation	strategy	used	relies	on	the	fact	



28

that	 the	 stochastic	 optimization	 is	 based	 on	 multiple	 random	 samplings	 at	 the	 same	
optimization	point,	so	it	is	possible	to	discharge	a	limited	number	of	simulations.

Selected	representative	plots	of	the	eLCOE	are	reported	in	Figure	19	and	Figure	20.	It	is	
noteworthy	 that	 even	 if	 in	 the	 narrow	 capacity	 ranges	 considered	 the	 wind	 penetration	
changes,	the	minimum	eLCOE	occurs	at	much	higher	levels	of	demand.	This	is	due	to	the	fact	
that	the	system	attempts	to	overcome	the	effect	of	the	net	demand	volatility	introduced	by	
the	wind.	The	system	attempts	to	maintain	the	reactor	as	“baseload,”	i.e.	tries	to	minimize	
the	 time	when	 the	 net	 demand	 is	 lower	 than	 the	 reactor	 capacity.	With	 increasing	 wind	
penetration,	 the	 volatility	 increases,	 and	 the	 reactor	 cannot	 be	 operated	 as	 a	 baseload	
power	supplier	without	increasing	the	mean	demand.	This	also	explains	the	beneficial	effect	
of	 the	 presence	 of	 the	 gas	 turbine.	 Increasing	 the	 installed	 capacity	 for	 the	 gas	 turbine	
always	decreases	the	cost	of	electricity	for	the	parameter	ranges	considered	in	this	case.	

Figure	19.	eLCOE	color	map	for	Case	3.	H2	price	1.75	$/kg,	wind	penetration	0%.

Figure	20.	eLCOE	color	map	for	Case	3.	H2	price	1.75	$/kg,	wind	penetration	100%.



29

Table	6	 illustrates	 the	differences	between	the	eLCOE	obtained	by	Modelica	modeling	
versus	using	only	 the	marginal	dispatch,	 for	a	given	combination	of	wind	penetration	and	
hydrogen	price	as	well	as	optimal	component	sizing.	The	differences	are	quite	small,	which	
justifies	 the	 usage	 of	 the	 marginal	 cost-based	 dispatch	 as	 a	 means	 of	 accelerating	 the	
optimization.	 Moreover,	 as	 predicted	 the	 differences	 increase	 for	 increasing	 wind	
penetration.	This	is	because	the	wind	introduces	larger	changes	in	the	dispatch,	and	so	the	
natural	inertia	of	the	system	becomes	more	relevant.	Modelica	modeling	properly	captures	
this	 effect,	 which	 usually	 leads	 to	 higher	 eLCOE,	 likely	 due	 to	 higher	 penalties	 paid	 for	
mismatching	the	demand.	The	time	discretization	for	the	dispatch	in	these	cases	is	one	hour,	
while	the	Modelica	simulation	is	using	a	one	second	time	resolution.	Since	the	reactor	is	at	
full	 thermal	 power	 at	 all	 times,	 the	 results	 indicate	 that	 the	 other	 components’	 inertia	 is	
such	that	they	can	follow	any	dispatch	set-point	on	an	hourly	time	discretization,	reaching
any	operational	point	within	one	hour.	This	keeps	the	difference	between	the	no	inertia	case	
(marginal	dispatch)	and	actual	inertia	case	(Modelica)	small.

Table	6.	Differences	between	dispatch	optimization	using	Modelica	N-R	HES	model	and	
marginal	cost	dispatch.

H2	
price	
($/kg)

Wind	
(%)

Deman
d	(kWe)

SES	
(kWe
)

ES	
(kWe)

IP	
(kWe)

eLCOE
($/kWh)

eLCOE,	
no	

Modelica
($/kWh)

Diff.	
(%)

1.75 0 300 42 20 48.59 137.13 134.05 -2.30

1.75 50 300 42 15 53.70 149.2 149.98 0.52

1.75 100 300 42 20 53.70 229.45 213.21 -7.62

3.5 0 300 42 25 48.59 132.51 129.03 -2.70

3.5 50 300 42 20 53.70 142.79 143.74 0.66

3.5 100 300 42 20 53.70 221.44 205.08 -7.80

Case	4

This	case	shows	the	capability	of	the	optimizer	to	properly	size	the	components	of	the	N-
R	HES	for	different	combinations	of	wind	penetration	and	hydrogen	price.	As	an	example,	
the	 convergence	 history	 for	one	 case	 (hydrogen	 price	 3.5	 $/Kg,	wind	 penetration	 0%)	 is	
shown	in	Figure	21.	Note	that	the	optimizer	converges	fairly	quickly.
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Figure	21.	Convergence	history	for	Case	4	(hydrogen	price	3.5	$/Kg,	wind	penetration	0%).

Case	5

The	 last	 case	 combines	 the	 optimization	 of	 the	 component	 capacities	 and	 the	
optimization	of	the	dispatch	for	1-day	simulations	with	Modelica.	For	each	new	combination	
of	 capacities,	 a	 full	 dispatch	 optimization,	 including	 Modelica,	 is	 run.	 This	 dispatch	
optimization	is	always	preconditioned	with	the	marginal	cost	dispatch.	As	seen	in	the	other	
cases	 and	 in	 Table	 7	 (Inner	 iterations),	 this	 marginal	 cost	 dispatch	 is	 very	 close	 to	 the	
minimum	eLCOE	and	only	three	 iterations	are	required	to	optimize	the	Modelica-modeled	
dispatch.	

The	optimal	capacities	are	known	from	Case	4.	These	capacities	are	used	to	initialize	the	
capacity	optimization.	Table	 7	 shows	 the	 convergence	history	 for	 one	 selected	 case:	 1.75	
$/kg	of	hydrogen	and	50%	wind	penetration.	The	initial	capacity	combination	(iteration	0)	
leads	to	an	LCOE	of	$156.37.	The	optimizer	then	computes	the	gradient	and	takes	a	step	in	
that	direction.	The	optimizer	 computes	 the	 eLCOE	 for	 that	point	 and	 finds	 it	 to	be	higher	
than	for	the	original	point	(iteration	1).	Since	the	gradient	suggests	the	direction	of	a	lower	
eLCOE,	the	only	possibility	is	that	the	step	taken	was	too	big	and	the	optimizer	‘overshoots’
the	minimum.	Therefore,	the	optimizer	rejects	the	new	point	and	returns	to	the	initial	point.	
The	 algorithm	 then	 re-evaluates	 the	 gradient	 and	 tries	 a	 smaller	 step	 size.	 In	 the	 case	
shown,	it	repeats	this	cycle	5	times	before	it	finds	a	more	optimal	eLCOE,	which	in	actuality	
is	very	close	to	 the	original	point	(iteration	7).	The	optimizer	evaluates	the	gradient	again	
and	 finds	a	better	point	with	a	very	small	 step	size	(iteration	8).	The	step	size	 is	so	small	
that	the	solution	is	considered	converged	(iteration	8).	In	order	to	assure	convergence	on	as	
many	 wind-demand	 profile	 pairs	 as	 possible,	 the	 solution	 must	 persist	 over	 several	
additional	 evaluations	 to	 confirm	 consistency.	 That	 is,	 the	 algorithm	must	 be	 converged	
several	times	consecutively	before	final	convergence	is	acknowledged.

Given	the	marginal	cost	preconditioning,	 the	very	 low	number	of	 iterations	allows	 the	
algorithm	 to	 leverage	 the	 expensive	 Modelica	 simulations.	 This	 is	 due	 to	 the	 good	
agreement	between	the	copper	plate	marginal	dispatch	model	and	the	Modelica	simulation,
which	 allows	 selection	 of	 good	 initial	 guesses	 for	both	 the	 initial	 dispatch	 and	 capacities.	
This	advantage	may	be	lost	as	the	simulation	adopts	finer	time	resolutions	such	as	five	or	
fifteen	minutes	instead	of	one	hour.
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Table	7.	Convergence	history	for	the	simultaneous	optimization	of	capacity	and	dispatch	
with	Modelica	simulations	for	1	day.

Conclusions4.

The	 penetration	 of	 Variable	 Renewable	 Energy	 (VRE)	 in	 the	 U.S.	 energy	 mix	 is	
increasing.	This	increase	is	altering	the	profile	of	the	net	electricity	demand.	Consequently,	
an	 increase	 in	 VRE	 also	 leads	 to	 an	 increase	 in	 installed	 capacity	 for	 flexible	 generators,	
which	in	turn,	is	likely	to	increase	the	price	of	electricity.	Nuclear-Renewable	Hybrid	Energy	
Systems	 (N-R	HES)	are	seen	as	a	possible	solution	 to	combat	 the	possible	 increase	of	 the	
price	of	electricity	by	coupling	the	baseload	plants	like	nuclear	reactors	with	an	Industrial	
Process	 (IP),	 acting	 as	 a	 flexible	 load	 that	 absorbs	 some	 of	 the	 net	 demand	 volatility	
introduced	by	the	VRE.	This	paper	introduces	a	new	methodology	and	software	framework	
for	the	economic	analysis	of	N-R	HES.	The	four	main	components	of	the	simulation	system	
are:

The	 capability	 to	 generate	 random	 time	 histories	 statically	 equivalent	 to	 a	 given	
training	set,	but	always	different	from	each	other	(ARMA).
A	global	driver	(RAVEN)	capable	of	performing	statistical	sampling,	parametric	and	
sensitivity	 studies,	 and	 stochastic	 optimization.	 These	 capabilities	 are	 deployed,
taking	advantage	of	parallel	computing.
A	 general	 economics	 framework	 allowing	 calculation	 of	 different	 economic	
indicators	 such	 as	 Net	 Present	 Value (NPV)	 and	 Internal	 Rate	 of	 Return	 (IRR)
starting	 from	a	 generic	 set	 of	 cost	drivers,	which	 in	 this	case	 are	 the	 sizes	of	 the	
components	 (capital	 cost),	 and	 the	 flow	 of	 commodities	 (e.g.	 electricity	 and	
industrial	product).
A	multi-level	fidelity	representation	of	the	physical	response	of	a	N-R	HES:

Low	level:	the	system	is	considered	without	any	inertia	and	any	component	o
of	the	system	may	be	dispatched	at	will.
High	level:	Modelica-based	model	of	the	integrated	N-R	HES.o

Overall,	 the	 framework	 is	 flexible	 and	 capable	of	 handling	many	different	 approaches	
and	analysis	needs.	The	framework	has	been	successfully	demonstrated	on	a	prototypic	N-R	
HES.	The	main	findings	for	the	demonstration	N-R	HES	are:
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An	 optimal	 relationship	 between	 the	 IP	 capacity	 and	 the	 demand	 exists.	 The	
volatility	absorption	effect	due	to	the	presence	of	the	IP	is	clear.	This	effect	is	even	
present	if	there	is	no	revenue	from	selling	hydrogen.	There	is	a	gain	in	not	paying	
the	penalty	 for	over	or	under	production,	which	 in	 certain	 ranges	of	 the	 ratio	 IP	
capacity	to	demand,	exceeds	the	capital	cost	of	constructing	the	plant.
In	 general,	 increasing	 the	 capacity	 of	 the	 gas	 turbine	 always	 has	 a	 positive	 effect,	
most	likely	due	to	the	ranges	of	sampled	capacities.
Global	 trends	 additionally	 indicate	 that	 wind	 penetration	 has	 a	 strong	 effect	 in	
raising	the	effective	Levelized	Cost	of	Electricity (eLCOE)	due	to	the	added	volatility	
and,	 consequently,	 higher	 penalty	 costs	 which	 are	 globally	 mitigated	 only	 when	
operating	with	high	margins	in	the	hydrogen	production.
The	 representative	 day	 underestimates	 the	 eLCOE	 compared	 to	 a	 year-long	
calculation	when	high	volatility	is	present.	This	highlights	how	outliers	in	demand	
contribute	 significantly	 to	 the	 eLCOE	 and	 underscores	 the	 importance	 of	 not	
relying	on	average	net	demand	values	for	this	type	of	analysis	when	large	volatility	
is	 present.	 Even	 though	 the	 eLCOE	magnitude	 is	 higher	 for	 high	wind	 cases,	 the	
trends	for	year-long	simulations	are	the	same	as	for	one-day	simulations.
When	no	 inertia	 is	considered	 in	 the	system	(copper	plate),	the	dispatch	based	on	
marginal	 cost	 is	 the	 optimal	 dispatch.	 Introducing	 the	 physics	 of	 the	 system	
through	Modelica	models,	the	difference	in	eLCOE	grows	with	the	VRE	penetration.

The	 successful	 demonstration	 of	 this	 framework	 and	modeling	 and	 simulation	 (M&S)	
strategy	 invites	 application	 to	 real	 case	 studies	 for particular	 regions.	 Because	 of	 the	
modular	nature	of	the	framework,	additional	components	such	as	solar	generation	or	water	
desalination	can	be	 added	with	 little	effort.	This	adaptability	allows	 to	analyze	economics	
behavior	 of	 specific	 systems	 with	 including	 region	 specific	 topology	 and	 data, yielding	
findings	such	as	those	included	for	a	generic	NR-HES	system	in	this	work.
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