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EXECUTIVE SUMMARY 

A	 state	 of	 the	 art	 modeling	 study	 was	 undertaken	 by	 the	 National	 Center	 for	 Atmospheric	
Research	 (NCAR)	 to	 estimate	 the	 most	 likely	 impacts	 of	 climate	 change	 on	 Gulf	 of	 Mexico	
hurricane	intensity	and	frequency.		The	modeling	study	entailed	the	use	of	two	state	of	the	art	
sets	of	future	climate	change	simulations.		The	first	simulation	was	conducted	using	a	Climate	
Ensemble	approach	over	a	 large	domain	and	at	 relatively	high	 resolution	compared	 to	global	
climate	models,	 and	 the	 second	 simulation	was	 conducted	 at	 4km	 higher	 resolution,	 over	 a	
limited	domain	covering	a	smaller	sub-set	of	North	America.		Both	simulations	are	based	on	the	
Weather	Research	and	Forecasting	(WRF:	Skamarock	et	al.,	2008)	model.	 	The	first	simulation	
addresses	frequency	changes	of	hurricanes,	and	to	a	lesser	extent	the	change	in	intensity	(due	
to	 its	 coarser	 resolution	 36	 km	 horizontal	 grid	 spacing),	 while	 the	 second,	 higher	 resolution	
simulation,	addressed	changes	in	intensity	of	hurricanes	in	a	future	climate.	A	unique	aspect	of	
the	 first	 simulation	 is	 the	 extensive	 use	 of	 multiple	 physics	 ensembles	 to	 account	 for	 the	
uncertainty	of	future	climate	projections,	and	a	unique	aspect	of	the	second	simulation	is	that	
28	 named	 hurricanes	 are	 simulated	 in	 both	 current	 and	 future	 climates.	 The	 Pseudo	 Global	
Warming	(PGW)	technique	was	used	for	the	climate	change	simulations	in	the	later	approach,	
which	imposes	thermodynamic	changes	associated	with	climate	change	on	a	current	day	high-
resolution	hurricane	simulation	including	sea	surface	temperature	changes.			

The	initial	concern	regarding	future	hurricanes	was	that	the	warmer	and	moister	environment	
would	 fuel	 the	 formation	of	 significantly	 strong	hurricanes.	 	While	we	 found	 that	 the	 largest	
storms	intensified	based	on	our	named	hurricane	approach,	the	level	of	intensification	was	not	
as	great	as	initially	anticipated.	We	hypothesize	that	the	stronger	stability	in	the	future	climate	
due	to	convective	heating	in	the	tropic	is	limiting	the	intensification	as	put	forward	by	Hill	and	
Lackmann	(2011).	He	and	others	have	shown	that	the	lapse	rate	stabilization	due	to	convective	
heating	can	reduce	the	intensification	of	hurricanes	by	up	to	50%.		The	other	possible	limiting	
factor	 is	 due	 to	 reaching	 the	 limits	 of	 the	 efficiency	 of	 the	 hurricane	 heat	 engine	 (Holland,	
1997).			

The	 combination	 of	 the	 two	 independent	 approaches	 provides	 a	 robust	 and	 comprehensive	
view	of	the	likely	future	changes	to	hurricanes	in	the	Gulf	of	Mexico.			

The	combined	results	of	these	two	simulations	show:		

• A	tendency	towards	fewer	hurricanes	in	the	Gulf	of	Mexico	and	a	slight	reduction	in	the	
proportion	of	Atlantic	hurricanes	entering	the	Gulf.	

• An	increased	proportion	of	category	3,	4,	and	5	storms	in	the	Gulf	of	Mexico.	



	ii	

• Increased	precipitation	for	all	cyclones	in	the	Gulf	of	Mexico	(on	the	order	of	30-40%).		

• The	characteristics	of	hurricanes	in	the	Gulf	of	Mexico	in	the	future	are	projected	to	be	
similar	in	size	and	track	speed	to	current	hurricanes.	

• These	 simulations	 predict	 a	 ~10%	 increase	 in	 cyclone	 damage	 potential	 for	 the	most	
intense	hurricanes.	

It	 is	 important	to	note	that	the	results	for	changes	in	wind	speed	and	precipitation	are	for	22	
named	hurricanes	subject	to	the	thermodynamics	of	a	future	climate.	While	most	of	the	storms	
exhibited	the	behavior	indicated,	a	few	of	them	had	reduced	winds	and	precipitation	based	on	
the	exact	trajectory	and	SST	(Sea	Surface	Temperature)	they	passed	over.		

The	prediction	for	fewer	but	more	damaging	hurricanes	suggests	the	potential	 for	substantial	
impacts	on	infrastructure	and	operations	in	the	Gulf	of	Mexico	in	the	future.			
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1 Introduction 

Tropical	cyclones	are	a	natural	hazard	that	poses	significant	threats	to	both	life	and	property.	A	
region	that	is	particularly	vulnerable	is	the	Gulf	of	Mexico	due	to	the	presence	of	high	coastal	
populations	 and	 significant	 infrastructure	 such	 as	 offshore	 oil	 wells	 and	 shipping	 and	 cargo	
facilities.	 	Knowledge	on	 the	 likelihood	of	possible	 future	changes	 in	hurricane	activity	 in	 this	
region	is	therefore	of	critical	importance	to	both	offshore	and	coastal	interests.		

To	 address	 this	 challenge,	 a	 state	of	 the	art	modeling	 study	was	undertaken	by	 the	National	
Center	for	Atmospheric	Research	(NCAR)	with	sponsorship	from	DNV	GL	to	estimate	the	most	
likely	 impacts	of	 climate	change	on	Gulf	of	Mexico	hurricane	 intensity	and	 frequency.	 	 These	
estimates	 are	 based	 on	 an	 ensemble	 of	 simulations	 run	 with	 the	 Weather	 Research	 and	
Forecasting	 (WRF:	 Skamarock	et	 al.,	 2008)	model	 configured	 for	 climate	 simulations	 (Climate	
Ensemble;	 see	 Appendix	 A)	 and	 from	 a	 higher	 resolution,	 more	 limited	 domain	 simulation	
covering	a	smaller	sub-set	of	North	America	with	a	4-km	horizontal	grid	size.		Both	simulations	
are	based	on	the	Weather	Research	and	Forecasting	(WRF)	model.		The	first	set	of	simulations	
addresses	 frequency	 changes	 of	 hurricanes	 due	 to	 climate	 change	 and	 variability,	 and	 to	 a	
lesser	extent	the	change	in	intensity	(due	to	its	coarser	36	km	horizontal	resolution),	while	the	
second,	 higher	 resolution	 simulation	 addresses	 the	 change	 in	 intensity	 of	 hurricanes	under	 a	
future	climate	change	scenario.	A	unique	aspect	of	the	first	simulation	is	the	extensive	use	of	
multiple	 physics	 ensembles	 to	 address	 an	 aspect	 of	 the	 uncertainty	 of	 future	 climate	
projections,	 and	a	unique	aspect	of	 the	 second	 simulation	 is	 that	past	named	hurricanes	 are	
simulated	 in	 both	 current	 and	 future	 climates	 in	 which	 the	 future	 climate	 is	 forced	 using	 a	
Pseudo	Global	Warming	(PGW)	approach.	The	combination	of	the	two	independent	approaches	
provides	a	robust	and	comprehensive	view	of	the	likely	future	changes	to	hurricanes	in	this	part	
of	the	world.			

Chapter	2	provides	a	brief	background	on	hurricanes	including	expected	changes	due	to	climate	
change.	 In	 Chapter	 3	 the	 Climate	 Ensemble	 approach	 and	 results	 are	 presented	 while	 in	
Chapter	4	a	 large	ensemble	of	36	km	PGW	simulations	are	presented.	Chapter	5	provides	the	
high-resolution	 CONUS	 PGW	 approach	 and	 results.	 	 Chapter	 6	 provides	 a	 synthesis	 of	 the	
results	and	conclusions	are	given	in	Chapter	7.		

A	number	of	additional	analysis,	 independent	from	the	hurricane	study	have	been	conducted,	
and	 although	 they	 are	 not	 essential	 to	 the	 Gulf	 of	 Mexico	 analysis,	 they	 were	 included	 as	
appendices	for	the	additional	insight	they	provide	to	the	performance	of	the	Climate	Ensemble.		
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2 Background 

There	 is	 evidence	 that	 the	 source	 of	 energy	 for	 hurricanes,	 tropical	 ocean	 heat	 content,	 has	
increased	over	the	past	35	years.		Figure	2.1	shows	the	observed	trends	in	tropical	sea-surface	
temperatures	(SSTs).	For	the	North	Atlantic;	 this	 increase	 in	SST	has	coincided	with	enhanced	
Hurricane	activity.	

Climatological	conditions	suitable	for	tropical	
cyclogenesis	 have	 been	 known	 for	 decades	
(e.g.	 Gray,	 1968).	 The	 four	 general	
characteristics	 are	 warm	 sea	 surface	
temperatures	 coupled	 with	 a	 deep	 oceanic	
mixed	 layer;	 cyclonic	 low-level	 relative	
vorticity	 and	 planetary	 vorticity;	 weak	 to	
moderate	vertical	wind	shear;	and	high	mid-
level	 relative	 humidity	 (Frank	 and	 Roundy,	
2006).	 These	 conditions	 are	 prevalent	
throughout	 the	 hurricane	 season,	 yet	
frequent	 periods	 of	 low	 or	 no	 hurricane	
activity	 suggests	 these	 conditions	 are	 not	
sufficient.	 The	 summer	 climate	 of	 the	
tropical	 North	 Atlantic	 is	 dominated	 by	
easterly	 waves	 in	 the	 lower	 troposphere	
(Thorncroft	 and	 Hodges,	 2001)	 that	 provide	
sources	 of	 energy	 and	 focus	 hurricane	
formation.	 Out	 of	 an	 annual	 average	 of	 10	
hurricanes	 in	 the	North	Atlantic	Basin	 (IPCC,	
2007),	 these	 atmospheric	 waves	 are	
associated	with	at	least	half	of	all	hurricanes	
(Frank	 and	 Clark,	 1980;	 Pasch	 et	 al.,	 1998)	
and	 almost	 all	 category	 4	 and	 5	 Atlantic	
hurricanes	(Landsea,	1993).	

Indeed,	North	Atlantic	hurricane	activity	averaged	over	the	past	15	years	has	been	well	above	
the	longer	term	historical	average	(e.g.	Holland	and	Webster,	2007;	Vecchi	and	Knutson,	2008).		
Recent	 years	 have	 also	 seen	 a	 shift	 in	 the	 spatial	 distribution	 of	 hurricanes	 with	 a	 higher	
proportion	 of	 hurricanes	 now	 forming	 off	 the	 coast	 of	 North	 Africa	 associated	with	 easterly	

Figure	 2.1:	 Running	 5-year	 mean	 of	 SST	 during	
the	respective	hurricane	seasons	for	the	principal	
ocean	 basins	 in	 which	 hurricanes	 occur:	 The	
North	Atlantic	Ocean	(NATL);	The	Western	Pacific	
Ocean	(WPAC);	the	East	Pacific	Ocean	(EPAC);	the	
Southwest	Pacific	Ocean	(SPAC);	the	North	Indian	
Ocean	(NIO);	and	the	South	Indian	Ocean	(SIO).	
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wave	activity	(Kimberlain	and	Elsner,	1998;	Holland	and	Webster,	2007).	Wu	et	al.	(2010)	found	
that	a	relative	increase	in	eastern	Atlantic	SSTs	leads	to	changes	in	atmospheric	circulation	and	
near-equatorial	 tropical	 cyclone	 activity.	 Should	 this	 trend	 continue,	 an	 increase	 in	 the	
proportion	of	the	most	intense	hurricanes	is	possible	(Holland	and	Bruyère,	2014).	

Hurricane	activity	within	the	Gulf	of	
Mexico	 also	 has	 been	 above	 the	
longer-term	 average,	 as	 indicated	
in	 Figure	 2.2.	 Cooper	 and	 Stear	
(2006)	 point	 out	 that	 recent	
hurricanes	 like	 Ivan	 in	 2004	 and	
Katrina	 in	 2005	 appear	 to	 fall	 well	
above	the	historical	hazard	curve	in	
the	Gulf.	

The	 possibility	 that	 the	 recent	
increases	 in	 hurricane	 activity	 will	
continue,	 with	 at	 least	 further	
increases	 in	 the	 most	 intense	
systems	 likely	 (Bender	et	al.,	2010;	
Knutson	 et	 al.,	 2010;	 Holland	 and	
Bruyère,	2014;	Emanuel,	2015),	will	
have	 substantial	 impacts	 on	 infrastructure	 in	 the	Gulf	 of	Mexico.	 Such	 impacts	may	 include:	
higher	 design	 criteria	 for	 new	 construction;	 increased	 damage	 to	 infrastructure	 such	 as	
platforms,	 pipelines,	 shore	 bases,	 and	 refineries	 located	 near	 the	 coast;	 increased	 capital	
expenditures	 to	 harden	 existing	 infrastructure;	 increased	 costs	 and	 risks	 for	 personnel	
evacuations;	 and	 increase	 pressure	 on	 the	 insurance	 industry	 due	 to	 higher	 damage	 claims.	
Clearly	there	is	a	strong	business	need	to	better	understand	the	likelihood	that	future	hurricane	
activity	 in	 the	 Gulf	might	 increase.	With	 sufficient	 warning,	 industries	 could	 improve	 safety,	
reduce	environmental	impacts	and	mitigate	at	least	some	of	the	future	costs.		

Current	 studies	 on	 future	 changes	 in	 hurricane	 activity	 remain	 controversial,	 particularly	 on	
sub-basin	scales	such	as	the	Gulf	of	Mexico.	Despite	strong	consensus	on	a	shift	in	the	hurricane	
intensity	 distribution	 towards	 stronger	 storms,	 future	 changes	 in	 total	 numbers	 of	 storms	
remain	uncertain	(e.g.,	Walsh	et	al.,	2016;	Knutson	et	al.,	2010).		This	study	will	quantify	future	
changes	in	the	frequency,	duration,	and	intensity	of	Gulf	storms	using	a	powerful	combination	
of	 the	 latest	 statistical	 and	 enhanced	 dynamical	 modeling	 capability.	 Multi-scale	 modeling	
systems	 will	 be	 configured	 together	 with	 the	 statistical	 methods	 to	 provide	 projections	 of	

Figure	 2.2:	 Time	 series	 of	 annual	 number	 of	 tropical	
cyclones	 (storms	with	 >	32	ms-1	 intensity)	 for	 the	 entire	
North	 Atlantic	 basin	 (black	 line)	 and	 for	 the	 Gulf	 of	
Mexico	 (blue	 line).	 Data	 are	 smoothed	 using	 a	 5-year	
running	mean.	
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critical	hurricane	characteristics.		Confidence	in	the	projected	changes	will	be	increased	through	
careful	 selection	 of	 model	 physics	 combinations	 that	 perform	 well	 for	 current	 climate.	 This	
selection	process	starts	with	a	large	range	of	physical	representations	of	atmospheric	processes	
and	 eliminates	 physics	 combinations	 that	 perform	 poorly	 compared	 to	 current	 climate	
historical	 observations.	 In	 this	 manner,	 a	 small	 number	 of	 physically	 credible	 physics	
combinations	 are	 identified	 and	 used	 to	 generate	 a	 physically	 credible	 range	 of	 future	
projections	-	thereby	enhancing	confidence	relative	to	blindly	running	a	future	ensemble.			

The	regional	climate	model	chosen	for	this	project	is	the	Weather	Research	and	Forecast	(WRF)	
model.		This	system	has	been	used	successfully	in	a	variety	of	weather	and	climate	applications	
and	is	supported	as	a	community	model	at	NCAR	for	the	university	and	other	scientific	groups	
(Skamarock	et	al.,	2008).	A	key	advantage	of	using	a	regional	model,	especially	in	this	research,	
is	 that	 it	 is	 able	 to	 resolve	 mesoscale	 phenomenon	 such	 as	 tropical	 storms	 that	 are	 not	
captured	in	the	typical	coarse	resolution	of	global	climate	models.			

Since	WRF	is	a	regional	model,	a	global	climate	model	is	needed	to	provide	appropriate	forcing.	
In	the	case	of	the	Climate	Ensembles	the	NCAR	Community	Earth	System	Model	(CESM:	Collins	
et	al.,	2006)	 is	used	to	force	the	model	for	both	initial	and	lateral	boundary	conditions	during	
the	 simulation.	 A	 unique	 aspect	 of	 the	 Climate	 Ensembles	 is	 the	 large	 domain	 size	 chosen,	
allowing	mesoscale	factors	such	as	terrain	and	mesoscale	weather	systems	to	impact	the	large-
scale	 flow	and	attendant	hurricane	 formation.	 Importantly,	 the	domain	 is	 sufficiently	 large	 to	
capture	the	initialization	of	hurricanes	by	easterly	waves	propagating	westward	from	Africa.			

In	 contrast,	 the	 high-resolution	 CONUS	 simulation	 (Liu	 et	 al.,	 2016)	 has	 a	 smaller	 domain	
focused	 over	 the	 continental	 U.S.	 and	 the	 current	 climate	 large	 scale	 atmospheric	 flow	 is	
constrained	above	the	boundary	layer	to	follow	the	upper	level	large	scale	wave	patterns.		This	
forces	the	current	climate	to	match	observations	well	but	does	not	allow	the	freedom	for	the	
flow	pattern	to	evolve	naturally	as	in	the	Climate	Ensembles	approach.		However,	in	imposing	
this	constraint,	past	named	hurricanes	can	be	faithfully	captured	in	both	track	and	intensity.		By	
imposing	a	thermodynamic	climate	change	signal	derived	from	an	ensemble	of	Coupled	Model	
Intercomparison	 Project	 (http://cmip-pcmdi.llnl.gov)	 global	 climate	 model	 simulations,	 the	
likely	changes	to	hurricane	intensity	and	track	due	to	a	warming	and	moistening	climate	can	be	
addressed.	 	 A	 key	 aspect	 of	 this	 simulation	 is	 that	 28	 named	 storms	 are	 simulated	 in	 both	
current	and	future	climate,	allowing	for	robust	statistics	to	be	calculated.		

The	combination	of	these	two	approaches	provides	a	powerful	analysis	of	the	likely	changes	in	
hurricane	frequency	and	intensity	in	the	Gulf	of	Mexico.		
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3 Current and Future Climate Ensemble Simulations 

3.1 Introduction 

Many	 climate	 models,	 including	 those	 supporting	 the	 2013	 assessment	 of	 the	
Intergovernmental	 Panel	 on	 Climate	 Change	 (Taylor	 et	 al.,	 2012),	 track	 the	 atmosphere	 in	
vertically	stacked	horizontal	rectangles	that	are	about	100x100	kilometers	at	mid-latitudes.	The	
Climate	 Ensemble	 approach	 used	 here	 improves	 the	 grid	 spacing	 to	 36	 kilometers	 across	
regions	 as	 large	 as	 ocean	 basins	 and	 continents.	 This	 strategy	 provides	 greatly	 enhanced	
understanding	of	how	hurricanes,	and	other	weather	phenomena	like	rain	and	snow,	snowmelt,	
and	drought	could	evolve	in	the	21st	century.	Using	an	ensemble	approach	also	allows	for	the	
ability	to	use	these	simulations	to	quantify	uncertainty.	At	NCAR	a	substantial	program	also	has	
commenced	on	developing	and	 testing	new	 techniques	 for	assessing	uncertainty.	Done	et	al.	
(2015)	provide	an	overall	summary	of	this	work	and	specific	aspects	may	be	found	in:	Bruyère	
et	al.	(2012,	statistical	downscaling	for	hurricanes),	Towler	et	al.	(2012,	statistical	downscaling	
to	 ecological	 applications),	 and	 Tye	 et	 al.	 (2014,	 applications	 of	 extreme	 value	 theory	 to	
regional	climate	simulations).	

The	Weather	Research	and	Forecasting	 (WRF:	 Skamarock	et	 al.,	 2008)	model	 is	 currently	 the	
world’s	 most	 popular	 atmospheric	 modeling	 choice	 for	 meteorological	 research,	 numerical	
weather	 prediction,	 and	 regional	 climate	 simulation	 (Powers	 et	 al.,	 2014).	WRF	 applications	
span	 resolutions	 from	 ultra-high	 to	 large-scale	 near-global	 simulations.	 Prominent	 research	
topics	 using	 WRF	 include	 cyclones	 (tropical	 and	 extratropical),	 convection,	 chemistry,	
orographic	precipitation,	renewable	energy,	and	climate	change	and	variability.	WRF	is	a	state-
of-the-art	numerical	weather	prediction	(NWP)	system	that	is	designed	with	a	large	number	of	
possible	 configuration	 options,	 therefore	 also	making	 it	 ideal	 for	 ensemble	 simulation.	More	
details	of	the	WRF	modeling	system	can	be	found	in	Appendix	A.		

3.2 Experiment Design 

Current	 and	 future	 climate	 simulations	were	 conducted	 using	 a	 climate	 configuration	 of	 the	
WRF	model.	A	Climate	Ensemble	approach	was	used	to	examine	likely	changes	in	future	climate	
and	 regional	 weather	 statistics	 over	 the	 tropical	 zone	 of	 the	 Atlantic	 that	 includes	 a	 large	
portion	of	North	America	and	to	explore	the	confidence	we	have	in	the	results.		The	simulations	
were	 split	 into	 two	 phases.	 Phase	 1	 conducted	 a	 large	 ensemble	 simulation	 for	 a	 period	 of	
current	climate	 from	1990	 to	2000.	Phase	2	conducted	a	 targeted	small	ensemble	simulation	
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for	 the	same	current	period	 (1990-2000)	and	 for	 several	 future	 time-slices:	2020-2030,	2030-
2040,	2050-2060,	and	2080-2090.	

Our	region	of	interest	includes	North	
America	 and	 the	 North	 Atlantic.	 To	
ensure	 that	 the	 inflow	 boundaries	
remain	 outside	 our	 area	 of	 interest	
(Done	 et	 al.,	 2015)	 we	 used	 a	 large	
domain	(Figure	3.1)	extending	north-
south	 from	 Canada	 to	 Brazil,	 and	
west-east	from	Hawaii	to	the	coast	of	
West	 Africa.	 The	 choice	 of	 domain	
ensures	 that	 the	 model	 simulations	
are	 able	 to	 evolve	 day-to-day	
mesoscale	 systems	 that	 are	
independent	 from	 the	 driving	 data,	
while	 allowing	 large-scale	 weather	
systems	 to	 enter	 through	 the	
boundaries.	 All	 simulations	 use	 a	
horizontal	 grid	 spacing	 of	 36	 km,	 sufficient	 to	 capture	 the	 large-scale	 climate	 and	 tropical	
cyclone	frequency,	location	and	sufficient	information	on	cyclone	intensity	to	produce	credible	
assessments	when	combined	with	statistical	methods	(as	described	in	Appendix	B).	

		

3.2.1 Climate	Regions		

To	place	the	Climate	Ensemble	results	in	perspective,	the	simulations	are	evaluated	using	both	
large-scale	 environmental	 variables,	 and	 smaller	 climate	 regions.	 Regions	 with	 similar	
climatology	are	defined	for	the	full	model	domain	to	subset	model	and	observational	data	for	
analysis.	All	grid	cells	within	each	region	are	pooled	creating	a	fuller	distribution	of	temperature	
and	precipitation	than	would	be	obtained	for	10	years	from	individual	grid	cells.		

Figure	 3.1:	 Domain	 used	 for	 the	 current	 and	 future	
climate	 predictions.	 The	 color	 shading	 represents	
elevation.	
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Climate	 regions	 based	 on	 eco-regions	 that	 have	 similar	 variations	 in	 temperature	 and	
precipitation,	 or	 similar	 climatology	 (Figure	 3.2)	 is	 used	 to	 evaluate	 each	 of	 the	 24	 climate	
ensemble	members.	 The	 regions	 are	 adapted	 from	multiple	 sources	 for	 land	only	 areas.	 The	
North	 American	 regions	 are	 mostly	 those	 derived	 for	 the	 North	 American	 Regional	 Climate	
Change	Assessment	Program	 (NARCCAP:	Bukovsky,	2011).	Central	and	South	America	 regions	
are	 aggregated	 areas	with	 similar	 Köppen	 climate	 zones	 (Köppen,	 1900;	 Kottek	 et	 al.,	 2006).	
Where	 there	 is	 overlap	 between	 the	North	 American	 and	 Central	 American	 climatology,	 the	
regions	 (Mezquital	 and	 Southwest)	 are	 merged	 and	 differ	 from	 the	 original	 NARCCAP	
boundaries.	The	regions	are	depicted	in	Figure	3.2.	

Figure	 3.2:	 Climate	 Regions	 adapted	 from	 NARCCAP	 (Bukovsky,	 2011)	 and	 Köppen	
Climate	regions	(Köppen,	1900;	Reynolds	et	al.,	2015)	
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3.2.2 Phase	1:	Current	Climate	Simulations	

Optimal	model	configurations	for	regional	climate	simulations	need	to	correctly	simulate	a	wide	
variety	of	weather	conditions.	For	this	study,	24	model	configurations	were	tested	for	a	period	
of	current	climate	(1990-2000).	The	initial	24	ensemble	members	were	constructed	by	varying	
four	 different	 physics	 parameterization	 options:	 1)	 radiation	 (CAM:	 Collins	 et	 al.,	 2006	 and	
RRTMG:	Mlawer	et	al.,	1997),	2)	cumulus	(KF:	Kain	and	Fritsch,	1990;	NSAS:	Han	and	Pan,	2011	
and	 Tiedtke:	 Tiedtke,	 1989),	 3)	 microphysics	 (WSM6:	 Hong	 et	 al.,	 2004	 and	 Thompson:	
Thompson	et	al.,	2004),	and	4)	planetary	boundary	layer	(MYJ:	Janjić,	1994,	and	YSU:	Hong	et	al.,	
2006).	Only	one	land	surface	scheme	(Noah:	Chen	and	Dudhia,	2001)	was	used	in	order	to	focus	
this	study	on	variations	of	the	atmospheric	component	of	the	land–atmosphere	interface	and	
keep	the	ensemble	size	within	practical	 limits.	 	Noah	 is	 the	most	widely	used	scheme	in	WRF	
applications.		

The	24	ensemble	members	are	 listed	in	Table	3-1.	The	abbreviated	ensemble	member	names	
used	throughout	the	paper	are	also	indicated	in	this	table,	for	example	CK6M	used	the	CAM,	KF,	
WSM6	 and	MYJ	 schemes.	 The	 first	 character	 denotes	 the	 radiation	 scheme,	 the	 second	 the	
cumulus,	 the	 third	 the	microphysics	 and	 the	 final	 letter	 the	 PBL	 (Planetary	 Boundary	 Layer)	
scheme.		The	chosen	physics	combinations	represent	commonly	used	and	well-tested	options.		

This	study	does	not	explore	the	role	of	internal	variability	for	the	potential	predictability	of	the	
2012	 drought	 for	 instance.	 Internal	 variability	 is	 an	 intrinsic	 property	 of	 the	 climate	 system,	
emanating	 from	 regions	 of	 conditional	 or	 baroclinic	 instability	 (Nikiéma	 and	 Laprise,	 2011a;	
2011b)	and	 for	 regional	domains	 results	 in	a	 range	of	solutions	consistent	with	 the	boundary	
conditions	(e.g.,	Done	et	al.,	2014;	Lucas-Picher	et	al.,	2008).	Perturbed	physics	such	as	the	24-
member	physics	ensemble	(Table	3.1),	however,	produce	solutions	to	a	slightly	different	model	
climate,	and	the	resulting	range	is	commonly	found	to	be	large	compared	to	internal	variability	
(Solman	 and	 Pessacg,	 2012).	 We	 therefore	 choose	 to	 focus	 computational	 resources	 on	
exploring	the	range	of	solutions	using	different	physical	processes.	

The	driving	data	used	for	the	24-member	current	climate	physics	ensemble	are	the	European	
Centre	 for	 Medium	 range	 Weather	 Forecasting	 Interim	 Reanalysis	 (Dee	 et	 al.,	 2011:	
http://rda.ucar.edu/datasets/ds627.0/).	This	dataset	uses	a	4D-variational	analysis	on	a	roughly	
80km	 grid.	 The	 Sea	 Surface	 Temperature	 (SST)	 data	 used	 are	 the	 Reynolds	 optimum	
interpolated	 (OIv2)	 analysis	 (Reynolds,	 1988;	 Reynolds	 and	 Marsico,	 1993),	 available	 at	 a	
temporal	resolution	of	a	week	and	on	a	horizontal	grid	of	1°	by	1°.	
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Table	 3.1:	 The	 physics	 combinations	 of	 the	 24	 ensemble	 members	 used	 for	 the	 current	
climate	 simulations	 in	Phase	1.	 The	ensemble	member	naming	 convention	 follows	 the	 rule	
Radiation:Cumulus:Microphysics:PBL.	 For	 example,	 member	 CK6M	 uses	 CAM	 radiation,	 KF	
cumulus,	WSM6	microphysics	 and	MYJ	 PBL	 schemes.	 The	 three	 grey	 highlighted	members	
were	selected	for	the	future	simulations	in	Phase	2.	

	 MYJ	 YSU	 MYJ	 YSU	

KF
	 WSM6	 CK6M	 CK6Y	 RK6M	 RK6Y	

Thompson	 CKTM	 CKTY	 RKTM	 RKTY	

N
SA

S	 WSM6	 CN6M	 CN6Y	 RN6M	 RN6Y	

Thompson	 CNTM	 CNTY	 RNTM	 RNTY	

Ti
ed

tk
e	 WSM6	 CT6M	 CT6Y	 RT6M	 RT6Y	

Thompson	 CTTM	 CTTY	 RTTM	 RTTY	

	

The	 ensemble	 skill	 in	 capturing	 the	 large-scale	 climate	 is	 evaluated	 against	 a	 high-resolution	
reanalysis	of	historical	climate	provided	by	the	NCEP	Climate	Forecast	System	Reanalysis	(CFSR:	
Saha	et	al.,	2010).	CFSR	 is	a	global,	high-resolution	 (0.3°	 to	0.5°),	coupled	atmosphere-ocean-
land	 surface-sea	 ice	 system	 designed	 to	 provide	 a	 dynamically	 consistent	 analysis	 of	 the	
atmosphere	 given	 the	 available	 observations.	 	 Although	 various	 studies	 have	 shown	
improvements	of	 the	CFSR	dataset	over	earlier	 reanalysis	products,	noticeable	biases	 remain.	
While	 the	 CFSR	 precipitation	 distribution	 and	 daily	 precipitation	 statistics	 have	 improved	
compared	 to	earlier	 reanalysis	products	 (Higgins	et	 al.,	 2010),	 the	dataset	may	miss	 the	 very	
extreme	 values,	 particularly	 for	 precipitation.	 However,	 the	 relatively	 high	 resolution	 of	 the	
CFSR	data	allows	for	comparison	with	the	similar	resolution	ensemble	datasets.	

Where	available	three	gridded	observational	datasets	(TRMM,	Maurer,	PRISM)	are	also	used	to	
expand	the	evaluations.	Daily	Tropical	Rainfall	Measuring	Mission	data	(TRMM:	Huffman	et	al.,	
2007)	on	a	0.25°	by	0.25°	grid,	 is	provided	by	the	Goddard	Distributed	Active	Archive	Center.	
TRMM,	 although	 available	 globally	 only	 covers	 the	 period	 1998-2013,	 but	 are	 considered	
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sufficiently	 long	 enough	 for	 the	 evaluations	 performed	 here.	 Daily	 temperature	 and	
precipitation	data	(on	a	0.125°	by	0.125°	grid)	from	the	Surface	Water	Modeling	Group	at	the	
University	 of	Washington	 (Maurer	 et	 al.,	 2002),	 and	 high-resolution	 (4km)	 daily	 precipitation	
data	 from	the	Precipitation-elevation	Regressions	on	 Independent	Slopes	Model	 (PRISM:	Daly	
et	 al.,	 1994)	 are	 only	 available	 over	 the	 Contiguous	 United	 States	 (CONUS).	 At	 the	 time	 of	
analysis,	 no	 reliable	 station-based	 observational	 data	 are	 available	 for	 Central	 and	 South	
America.	

Tropical	cyclone	frequency,	location	and	intensity	are	evaluated	against	observations	obtained	
from	the	International	Best	Track	Archive	for	Climate	Stewardship	(IBTrACS:	Knapp	et	al.,	2010).	

3.2.3 Phase	2:	Future	Climate	Simulations	

Following	evaluation	of	the	24	ensemble	members	for	an	11-year	period	of	current	climate	(see	
section	3.4),	 three	optimal	members	were	selected	 to	explore	climate	variability	and	change.	
The	 selection	 criteria	 balanced	 a	 need	 to	 accurately	 simulate	 current	 climate	with	 a	 need	 to	
provide	a	spread	 in	the	solutions	to	sample	the	range	of	possibilities	 in	the	real	world.	These	
three	physics	 configurations	 complete	our	 targeted	 smaller	 ensemble	 to	 a	 free	 running	GCM	
(Global	Climate	Model).		

To	assess	climate	variability	and	change	it	is	necessary	to	downscale	current	and	future	climate	
conditions	 derived	 from	 a	 consistent	 dataset,	 rather	 than	 relying	 on	 the	 current	 climate	
simulations	driven	by	reanalysis	data.	The	current	and	future	climate	ensembles	are	driven	with	
data	 from	 a	 single	 free-running	 Community	 Earth	 System	Model	 (CESM:	Hurrell	 et	 al.,	 2013)	
simulation.	 	 CESM	 is	 a	 coupled	 GCM	 comprising	 four	 component	 models	 that	 simulate	 the	
atmosphere,	ocean,	land	surface	and	sea-ice.	The	CESM	simulations	used	here	were	performed	
in	 support	 of	 the	 Coupled	Model	 Intercomparison	 Experiment	 Phase	 5	 (CMIP5:	 Taylor	 et	 al.,	
2012)	and	the	Fifth	Assessment	Report	of	the	Intergovernmental	Panel	on	Climate	Change	(IPCC,	
2013).		CESM	ranks	at	the	top	(Knutti	et	al.,	2013)	of	all	CMIP5	GCMs	for	its	ability	to	simulate	
global	 patterns	 of	 observed	 temperature	 and	 rainfall.	 For	 this	 study	 we	 selected	 a	 CESM	
simulation	conducted	under	RCP8.5	(Representative	Concentration	Pathway:	Moss	et	al.,	2010)	
future	emissions	 scenario.	RCP8.5	 is	 a	high	emissions	 scenario	with	 greenhouse	gas	 radiative	
forcing	reaching	8.5	Wm-2	by	the	year	2100.	It	represents	a	plausible	trajectory	if	little	is	done	
to	curb	greenhouse	gas	emissions	(Riahi	et	al.,	2011).	

GCMs	 are	 known	 to	 contain	 systematic	 errors	 (bias).	 	 Bias	 is	 removed	 from	 the	 CESM	 fields	
following	Bruyère	et	al.	(2014;	2015),	and	these	bias	corrected	fields	are	subsequently	used	to	
drive	the	WRF	model.		
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This	bias	correction	method	retains	the	day-to-day	weather,	climate	change	and	variability	from	
the	 CESM	 model,	 while	 the	 base	 seasonally-varying	 climate	 is	 provided	 by	 the	 ERA-Interim	
(ERA-I)	reanalysis.	This	limits	the	adverse	effects	of	bias	in	the	driving	data.	

3.3 Evaluation of the performance of the Climate Ensemble 
simulations 

Before	 conducting	 tropical	 cyclone	 evaluations,	 it	 is	 critical	 to	 understand	 the	 environments	
within	 which	 the	 simulated	 TCs	 develop.	 Ensuring	 that	 the	 climate	 ensemble	 are	 able	 to	
correctly	simulate	tropical	cyclones	for	the	correct	reasons,	it	is	important	to	first	establish	that	
the	 different	 ensemble	members	 are	 able	 to	 correctly	 simulate	 the	 large-scale	 environment.		
This	 was	 achieved	 by	 extensively	 evaluating	 the	 large-scale	 environment	 of	 the	 Climate	
Ensemble	 simulations	 using	 pressure,	moisture,	 temperature,	 and	wind	 fields.	 For	 simplicity,	
only	the	evaluation	for	sea-level	pressure	(SLP),	temperature,	and	precipitation	are	presented.	
The	 results	 showed	 that	 all	 the	 ensemble	members	 performed	 reasonably	well	 compared	 to	
CFSR	 reanalysis.	 This	 evaluation	 is	 also	used	 to	 select	 the	members	 that	will	 be	used	 for	 the	
future	climate	simulations.		

3.3.1 Sea	Level	Pressure	

All	24-ensemble	members	performed	well	in	simulating	the	observed	sea	level	pressure	(Figure	
3.3).	 Sea	 level	pressure	biases	are	 in	 the	order	of	 -2	 to	about	5	hPa,	which	 is	 comparable	 to	
values	 found	 in	 other	 studies	 (e.g.,	 Katragkou	 et	 al.,	 2015;	 Cassano	 et	 al.,	 2011).	 Ensemble	
members	 in	the	columns	of	Figure	3.3	agree	more	than	ensemble	members	 in	the	rows.	This	
suggests	 a	 greater	 control	 of	 radiation	 and	 PBL	 on	 annual	 mean	 sea	 level	 pressure	 than	
microphysics	or	convection.	The	CAM-MYJ	physics	combination	(column	1)	performed	notably	
poorly	for	sea	level	pressure	with	values	over	North	America	consistently	higher	than	observed.	

Annual	 cycles	of	 sea	 level	 pressure	 show	 that	 the	high	bias	using	 the	CAM	 radiation	 scheme	
(pink	shaded	area	in	Figure	3.4)	is	present	and	consistent	throughout	the	year	over	both	North	
and	South	America.	All	ensemble	members	using	RRTMG	(blue	shaded	area	in	Figure	3.4)	follow	
the	observations	much	closer	and	have	a	much	narrower	 range	of	 values	 than	 the	ensemble	
members	with	the	CAM	radiation	scheme.	
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Figure	3.3:	Sea	Level	Pressure	anomaly	(hPa,	simulation	–	CFSR)	over	the	period	1990-2010	
for	each	ensemble	member.	
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3.3.2 Temperature	

Figure	3.5	shows	the	annual	maximum	temperature	anomalies	as	compared	to	CFSR.	As	SST	is	
an	 input	 variable,	 it	 does	 not	 differ	 between	 the	 members	 or	 from	 the	 observations.	 All	
ensemble	members	produce	a	cool	bias	over	North	America,	with	CAM	members	colder	than	
their	counterpart	RRTMG	members.	The	results	are	more	mixed	over	South	America,	especially	
for	annual	minimum	temperatures	(not	shown),	where	RRTMG	consistently	show	a	warm	bias	
and	 CAM	 a	 cold	 bias.	 Verification	 (Appendix	 C)	 of	 the	 reanalysis	 and	 observational	 datasets	
revealed	that	compared	to	other	observational	datasets	CFSR	is	mostly	too	warm	by	at	least	a	
degree,	 thus	we	would	 expect	 that	 the	ensemble	members	 should	be	 at	 least	 slightly	 colder	
than	CFSR.	Overall	the	RRTMG	members	produced	lower	magnitude	biases,	with	 little	control	
evident	from	physical	processes	other	than	radiation.		

Figure	3.4:	Daily	average	sea	level	pressure	(hPa)	for	North	America	(left)	and	South	America	
(right)	for	the	period	1990-2010.	
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Figure	3.6	shows	how	the	skill	of	the	ensemble	members	in	simulating	daily	maximum	surface	
temperature	 varies	 throughout	 the	 year.	 RRTMG	 simulations	 consistently	 simulate	 higher	
temperatures	(with	biases	closer	to	those	seen	for	CFSR)	than	CAM	simulations.	The	ensemble	
cool	bias	maximizes	 in	winter	over	North	America,	but	 tends	 to	 zero	 in	 summer.	Over	 South	
America,	the	temperature	separation	between	CAM	and	RRTMG	members	is	more	noticeable,	
with	CAM	simulations	always	much	lower	than	RRTMG	(and	CFSR)	simulations.	This	difference	

Figure	3.5:	Annual	maximum	surface	temperature	anomaly	(K,	simulation	–	CFSR)	over	the	
period	1990-2010	for	each	ensemble	member.		
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between	the	RRTMG	and	CAM	ensembles	is	greatest	in	the	winter.	Performance	characteristics	

of	the	ensemble	are	very	similar	for	daily	annual	minimum	surface	temperature	(not	shown).	

	

A	number	of	simple	statistical	metrics	(mean,	PDF,	and	P90,	see	Appendix	B)	used	to	assess	the	

performance	of	the	24	ensemble	members,	further	emphasize	the	split	in	model	performance	

due	to	the	radiation	schemes	(Figure	3.7,	left).	While	both	sets	of	simulations	have	a	slight	cold	

bias	 for	 North	 American	 temperatures,	 RRTMG	 simulations	 are	 closer	 to	 the	 range	 of	

observations.	Evaluating	the	effect	of	geography	on	the	climate	ensemble	performance	(Figure	

3.7,	 right),	 shows	 the	 ensemble	 spread	 in	 each	 region	 is	 very	 similar.	 The	 only	 noticeable	

differences	 are	 much	 wider	 model	 spread	 in	 the	 plains	 area,	 an	 area	 where	 the	 spread	 in	

observations	 are	 also	 bigger.	 Results	 and	 conclusions	 are	 similar	 for	 Central	 and	 South	

American	regions	(not	shown).			

Figure	 3.6:	 Average	 daily	 maximum	 surface	 temperature	 (K)	 for	 North	 America	 (left)	 and	
South	America	(right)	for	the	period	1990-2010.	
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The	 same	 divergence	 between	 radiation	 schemes	 is	 also	 evident	 in	 the	 overlap	 of	 the	 daily	
minimum	and	maximum	temperature	PDFs	and	the	measures	of	the	upper	and	lower	tails	(not	
shown).	 The	 only	 noticeable	 differences	 are	 again	 geographically,	 with	 the	 regions	 with	 the	
largest	 differences	 also	 the	 regions	 that	 had	 the	 largest	 discrepancies	 between	 the	
observational	data	sets,	which	we	attribute	to	data	scarcity.		

	

3.3.3 Precipitation	

Precipitation	is	reasonably	well	simulated	by	all	ensemble	members	(Figure	3.8	and	Figure	3.9).	
There	 is	 a	 consistent	 wet	 bias	 across	 North	 America	 during	 Jun-Jul-Aug,	 but	 generally	 only	
within	2-3mm/day,	which	is	well	within	the	biases	between	observational	datasets.	In	Dec-Jan-
Feb,	biases	over	North	America	are	generally	small	except	for	a	consistent	dry	bias	across	the	
Mississippi	Valley.	Biases	within	the	tropics,	however,	are	far	larger	due	to	zonal	and	meridional	
shifts	 in	 the	 location	of	 the	main	convergence	zones.	 	Consistent	with	sea	 level	pressure	bias	
patterns,	 the	 CAM-MYJ	 simulations	 (first	 column	 in	 Figure	 3.8	 and	 Figure	 3.9)	 are	 drier	 than	
observed	 and	 the	 RRTMG-YSU	 (column	 4)	 simulations	 wetter.	 However,	 precipitation	 is	 also	
strongly	modulated	 by	 the	 convection	 scheme.	Most	 ensemble	members	 show	 larger	 biases	
over	South	America	than	North	America.	This	possibly	results	from	the	use	of	North	American	
data	to	develop	many	of	the	physics	schemes,	as	well	as	the	larger	biases	in	the	observational	
datasets.	

Figure	 3.7:	 Differences	 between	 climate	 ensemble	 and	 observational	 mean	 daily	
temperatures	for	the	North	American	regions.	The	figure	on	the	left	represents	all	regions	per	
model,	while	the	one	on	the	right	represents	all	models	per	region.		
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In	 order	 to	 quantify	 the	 biases	 in	 the	 climate	 ensemble,	we	 evaluated	 the	 simulations	 using	
some	 simple	 statistical	 skill	 scores.	 There	 is	 a	 broad	 range	 in	 the	 scores	 obtained	 from	
comparison	between	 the	different	 simulations	 and	observational	 datasets.	Differences	 in	 the	
mean	daily	precipitation	range	are	similar	to	those	between	the	observational	datasets	(±5mm)	
(not	shown).	In	general	the	means	are	closer,	and	there	is	greater	overlap	of	the	PDFs	and	upper	
tails,	between	all	simulations	and	the	observational	datasets	than	with	the	reanalysis	datasets.		

Figure	3.8:	 June-July-August	 (JJA)	precipitation	anomaly	 (mm/day,	model	 –	CFSR)	over	 the	
period	1990-2010	for	each	ensemble	member.	
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Figure	3.10	illustrates	the	range	of	differences	in	mean	daily	precipitation	between	the	models	
and	 observational	 datasets	 by	 region.	 All	 the	 climate	 simulations	 are	 wetter	 than	 CFSR	 and	
mostly	drier	than	ERA-I.	It	is	also	clear	that	the	regions	to	the	west	are	overall	wetter	than	the	
observations,	while	the	regions	to	the	east	are	drier	(see	also	Figure	3.11).	Indicating	an	overall	
improvement	in	precipitation	simulation	over	CFSR/ERA-I,	which	tends	to	be	drier/wetter	than	
the	observation.		(see	Figure	C-2).		

Figure	 3.9:	 December-January-February	 (DJF)	 precipitation	 anomaly	 (mm/day,	 model	 –	
CFSR)	over	the	period	1990-2010	for	each	ensemble	member.	
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To	evaluate	the	contribution	of	the	physics	to	the	spread	seen	in	(Figure	3.10)	we	plotted	the	
mean	precipitation	difference	between	TRMM	and	each	simulation	and	region	(Figure	3.11).	A	
perfect	match	is	indicated	by	yellow	shades,	with	dry	biases	in	red	and	wet	biases	in	green.	The	
density	plot	along	the	bottom	indicates	that	most	models	have	differences	of	≤	±1mm/day	from	
the	TRMM.	The	regional	difference	between	the	western	(top	quarter)	and	the	eastern	(second	
quarter)	North	American	 regions	 are	 clearly	 seen	 and	 reflected	 in	 all	model	 simulations.	 The	
regions	with	sparse	data	coverage	(East	Boreal,	Central	America	and	the	northern	half	of	South	
America)	are	also	clearly	evident.	The	distinction	between	the	two	radiation	schemes	is	obvious,	
illustrated	 by	 the	 CAM	models	 on	 the	 left	 and	 RRTMG	 on	 the	 right.	 There	 appears	 to	 be	 a	
wetter	bias	in	RRTMG	radiation	scheme,	and	drier	bias	from	the	CAM	radiation	scheme.	The	KF	
cumulus	scheme	is	also	overall	wetter	than	the	NSAS	or	Tiedtke	schemes,	with	the	RRTMG-KF	
simulations	clearly	standing	out	as	wetter.		

Figure	 3.10:	 Differences	 in	 mean	 annual	 daily	 precipitation	 between	 the	
simulations	and	observational	datasets,	 for	the	northern	climate	regions.	The	
regions	are	arranged	from	west	to	east.	The	box	and	whiskers	represents	the	
spread	of	all	simulations	in	each	region.		
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3.3.4 Hurricanes	

The	 climate	 ensemble	 experimental	 design	 specifically	 targeted	 tropical	 cyclones	 (TCs).	 This	
section	evaluates	TC	activity	in	the	current	climate	ensemble	in	detail.	

There	are	many	approaches	for	tracking	TCs	in	numerical	model	data	(Walsh	et	al.,	2007).	For	
this	study	we	use	the	Hodges	(1995;	1999)	tracking	algorithm	that	has	been	shown	to	work	well	
for	WRF	data	at	36km	grid	spacing	(Done	et	al.,	2015).	This	algorithm	detects	potential	cyclones	

Figure	 3.11:	 Comparison	 of	 mean	 difference	 in	 annual	 daily	 precipitation	 by	 simulation	
(columns)	and	region	(rows)	against	the	TRMM	dataset.	The	simulations	are	arranged	first	by	
radiation	scheme,	with	CAM	on	 the	 left	and	RRTMG	on	 the	 right,	 then	by	cumulus	 scheme	
(KF,	 NSAS,	 Tiedtke).	 The	 regions	 are	 arranged	 geographically.	 The	 top	 half	 represents	 the	
northern	regions,	followed	by	the	central	and	southern	regions.	Regions	are	further	arranged	
west	 to	 east.	 The	 bottom	 bar	 shows	 the	 number	 of	 simulations/regions	 per	 skill	 category.	
Yellow	and	light	green	and	orange	represents	small	differences	in	mean,	while	darker	colors	
represents	bigger	departures.		
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by	tracking	vorticity	centers.	All	potential	tracks	that	do	not	meet	the	following	six	criteria	are	
removed:	 1)	 the	 sum	 of	 the	 horizontal	 temperature	 difference	 between	 the	 TC	 and	 its	
environment	at	700	hPa,	500	hPa,	and	300	hPa	is	greater	than	2	K;	2)	the	mean	850	hPa	wind	
speed	 is	 greater	 than	 the	mean	300	hPa	wind	 speed;	3)	 the	300	hPa	horizontal	 temperature	
difference	between	the	TC	and	its	environment	is	greater	than	that	at	850	hPa;	4)	the	genesis	
location	is	south	of	40°N;	and	5)	TCs	must	retain	tropical	storm	intensity	for	a	minimum	of	36	
hours.	 The	 final	 criteria	 is	 based	 on	wind	 speed.	Walsh	 et	 al.	 (2007),	 showed	 that	 the	wind	
speed	criteria	must	be	adjusted	depending	on	model	resolution,	physics	and	basin	of	interest,	
and	 can	 vary	 between	 5	 and	 25	 ms-1.	 Following	 their	 wind	 profile	 method	 to	 establish	 the	
criteria,	a	12	ms-1	threshold	is	used	for	all	KF	simulations,	and	a	10	ms-1	threshold	for	all	other	
simulations.		

In	both	basins	in	our	model	domain	-	the	North	Atlantic	and	the	East	Pacific	-	the	cumulus	and	
PBL	 parameterizations	 have	 the	 biggest	 influence	 on	 cyclone	 numbers	 (Figure	 3.12;	 top).	
Overall,	physics	combinations	that	included	KF	(cumulus)	or	YSU	(PBL)	result	in	higher	numbers	
of	 simulated	 tropical	 cyclones,	while	 combinations	 that	use	Tiedtke/NSAS	 (cumulus)	 and	MYJ	
(PBL)	 tend	 to	produce	 fewer	cyclones.	The	choice	of	 radiation	and	microphysics	 schemes	has	
less	influence	on	cyclone	numbers.		

During	the	satellite	era	the	North	Atlantic	basin	recorded	an	average	of	10±3	cyclones	a	year,	
while	the	East	Pacific	recorded	16±4	cyclones	(NOAA,	2016;	Vecchi	and	Knutson,	2008).	Pairing	
KF	and	YSU,	or	Tiedtke/NSAS	and	MYJ	produces	TC	numbers	outside	the	observed	range.		But	
KY-MYJ,	 Tiedtke-YSU,	 and	 NSAS-YSU	 produce	 TC	 numbers	within	 the	 observed	 range	 (Figure	
3.12;	 bottom).	 The	NSAS-YSU	 combination	does	produce	 too	 few	 cyclones	 in	 the	 East	 Pacific	
basin,	but	since	our	target	area	is	mainly	the	Atlantic	and	Gulf	of	Mexico,	this	is	not	considered	
a	major	problem.	
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Figure	3.12:	Average	number	of	simulated	cyclones	per	year	(1990-2000)	for	different	physics	
options.	 The	 top	 row	 shows	 the	 effect	 due	 to	 the	 radiation	 (red),	 cumulus	 (green),	
microphysics	(blue),	and	PBL	(orange)	schemes.	The	bottom	row	shows	the	effect	of	different	
combinations	 of	 cumulus	 and	PBL	 schemes.	The	 left	 column	 is	 for	 the	North	Atlantic	 Basin	
and	 the	 right	 column	 for	 the	 East	 Pacific	 basin.	 The	 black	 solid	 line	 indicates	 the	 average	
number	 of	 observed	 cyclones	 in	 the	 basin,	while	 the	 grey	 shading	 represents	 the	 average	
deviation	in	the	observed	cyclones.	
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Ensemble	variation	in	TC	track	density	is	shown	in	Figure	3.13.	Regardless	of	the	other	physics	

choices,	the	MYJ	PBL	scheme	always	produces	fewer	TCs	than	YSU.	KF	produces	the	most	TCs	

and	NSAS	 the	 fewest.	The	number	and	spatial	distribution	of	TCs	produced	by	NSAS/Tiedtke-

MYJ	combinations	are	far	outside	the	observed	range.	But	the	KF-YSU	combinations	produce	a	

Figure	3.13:	Tropical	Cyclone	track	density	(1990-2000)	for	the	North	Atlantic	basin	as	simulated	
by	each	of	the	24	ensemble	members.	Density	is	defined	as	the	number	of	cyclone	tracks	within	a	
5-degree	 radius	 of	 a	 point	 per	 decade.	 The	 total	 number	 of	 simulated	 cyclones	 is	 given	 in	 the	
upper	left	corner	of	each	plot.	Numbers	in	red	indicate	those	within	the	observed	range.	The	red	
boxes	indicate	the	three	ensemble	members	that	were	used	for	the	future	climate	simulations.	
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realistic	 spatial	 distribution,	 albeit	 with	 a	 high	 bias	 in	 number.	 	 The	 NSAS/Tiedtke-MYJ	

combinations	 also	 produce	wind-pressure	 slopes	 (not	 shown)	what	 are	 unrealistic	 (for	more	

information	regarding	hurricane	wind-pressure	slopes,	see	Knaff	and	Zehr,	2007).		

TC	potential	damage	is	not	just	a	function	of	TC	intensity,	but	also	TC	size	and	forward	speed.	

Holland	 et	 al.	 (2016)	 developed	 an	 index	 of	 Cyclone	 Damage	 Potential	 (CDP)	 that	 combines	

maximum	speed,	radius	of	hurricane	force	winds,	and	forward	translation	speed.	The	CDP	index	

assesses	the	capacity	of	a	TC	to	cause	damage	and	represents	offshore	wind,	wave	and	current	

damage	 and	 onshore	 wind	 and	 coastal	 surge	 damage.	 The	 actual	 damage	 depends	 on	 the	

specific	exposure	and	vulnerability.	Developed	through	a	combination	of	physical	reasoning	and	

limited	tuning	to	available	offshore	damage	data,	the	resulting	CDP	index	is	as	follows:	

!"# = 7.4
!!
33

!
+ 5 !!

18.5
!!

,	

where	vm	 is	the	maximum	wind	speed,	Rh	 is	the	radius	of	hurricane	force	winds,	and	vt	 is	the	

forward	 translation	 speed.	 The	 denominators	 are	 to	 normalize	 each	 term	 to	 be	 a	 similar	

magnitude	and	the	coefficient	at	the	front	is	to	scale	the	index	between	0	and	10.	The	index	can	

be	interpreted	as	a	measure	of	the	duration	of	damaging	winds.		

Figure	3.14:	Median	(left)	and	maximum	(right)	observed	CDP	over	the	period	1988-2013	
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Figure	 3.15:	Annual	median	 (left)	 and	maximum	 (right)	 CDP	 for	 three	 of	 the	 24	
ensemble	members	 for	 the	period	1990-2000.	CDP	 track	points	are	 interpolated	
onto	an	equal	area	hexagonal	grid.	
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The	CDP	is	applicable	to	individual	TCs	and	to	seasonal,	global	and	climatological	assessments.	
Figure	 3.14	 summarizes	 historical	 CDP	 for	 the	 North	 Atlantic	 and	 reveals	 a	 high	 damage	
potential	pathway	from	the	Caribbean	north	in	the	Gulf	of	Mexico.	

An	indication	of	the	ensemble	spread	in	CDP	is	provided	by	Figure	3.15.	This	figure	shows	maps	
of	 median	 and	 maximum	 CDP	 for	 three	 of	 the	 24	 ensemble	 members.	 The	 three	 members	
shown	 here	 reasonably	 capture	 the	 broad	 spatial	 patterns	 observed	 (compare	 with	 Figure	
3.14),	but	with	substantial	differences	on	smaller	scales.	CDP	magnitudes	also	vary	across	the	
ensemble	-	KF	produces	higher	CDP,	NSAS	lower,	and	Tiedtke	more	average.	These	differences	
result	 from	 difference	 in	 cyclone	 intensities,	 sizes	 and	 forward	 speeds	 as	 simulated	 by	 the	
different	cumulus	parameterizations.	KF	tends	to	generate	cyclones	that	are	smaller	and	moves	
faster	 than	those	generated	by	either	NSAS	or	Tiedtke,	but	KF	cyclones	also	tend	to	be	more	
intense.		

3.3.5 Discussion		

For	 the	 future	climate	simulations	we	narrowed	down	the	number	of	ensembles	by	selecting	
models	 from	 a	 combination	 of	 their	 ability	 to	 reproduce	 daily	 precipitation	 and	 daily	
temperatures,	 in	addition	to	the	frequency	of	tropical	cyclones	and	location	and	frequency	of	
larger	pressure	systems	

Katragkou	et	al.	(2015)	evaluated	the	simulations	that	took	part	the	EURO-CORDEX	project	and	
found	that	the	use	of	the	CAM	radiation	scheme	lead	to	significant	biases	in	temperature	and	
sea	level	pressure.	They	traced	these	biases	to	errors	in	the	CAM	long-wave	radiation	scheme.	
Cassano	et	al.	 (2011)	 reported	 that	 the	 superior	parameterization	of	 the	 long-wave	 radiation	
scheme	 in	 RRTMG	 (compared	 to	 CAM)	 resulted	 in	 improvements	 to	 the	 sea	 level	 pressure	
biases.	These	results	compare	very	well	with	other	literature	studies.	Li	et	al.	(2014)	found	that	
the	 RRTMG	 performed	 better	 than	 CAM	 at	 capturing	 temperature	 magnitude	 and	 spatial	
pattern.	Li	et	al.	(2014)	found	that	radiation	schemes,	followed	by	cumulus	and	PBL	contributed	
to	most	of	the	precipitation	errors	in	model	simulations.	In	particular	they	found	that	the	choice	
of	the	CAM	radiation	scheme	 lead	to	significant	precipitation	biases	compared	to	the	RRTMG	
scheme.		

In	the	climate	ensemble,	across	all	metrics,	members	with	the	CAM	radiation	scheme	generally	
performed	 worse	 than	 those	 with	 the	 RRTMG	 scheme.	 This	 allowed	 us	 to	 remove	 the	 12	
members	using	CAM	from	the	ensemble.	
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Looking	towards	the	PBL	schemes,	the	Yonsei	University	(YSU:	Hong	et	al.,	2006)	PBL	scheme	is	
a	 first-order,	 non-local	 scheme	with	an	explicit	 entrainment	 layer.	 The	Mellor–Yamada–Janjic	
(MYJ:	 Janjić,	 1994)	 PBL	 scheme	 is	 a	 one-and-a-half	 order	 prognostic	 TKE	 scheme	 with	 local	
vertical	 mixing.	 Banks	 et	 al.	 (2016)	 reported	 improvements	 using	 a	 non-local	 PBL	 scheme	
compare	to	local	schemes.	Both	the	CAM	radiation	and	the	MYJ	PBL	schemes	leads	to	positive	
sea	level	pressure	biases,	which	is	compounded	when	these	schemes	are	paired	together,	as	is	
seen	 in	 column	 1	 of	 Figure	 3.3.	 Que	 at	 al.	 (2016)	 compared	 the	 effects	 of	 physics	
parameterizations	 on	 precipitation	 and	 reported	 that	 although	 YSU	 generally	 overestimates	
precipitation	compared	to	MYJ,	more	critical	was	the	choice	of	cumulus	scheme	paired	with	the	
PBL	 scheme.	 This	 finding	was	 also	 strongly	 reflected	 in	 the	 climate	 ensemble,	 particularly	 in	
relation	 to	 the	 simulation	 of	 TCs.	 The	 only	 ensemble	 members	 that	 realistically	 simulate	
observed	 TC	 numbers	 and	 tracks	 where	 combinations	 of	 KF-MYJ	 and	 NSAS/Tiedtke-YSU,	
allowing	the	elimination	of	six	more	members.		

There	 is	 strong	 evidence	 that,	 especially	 for	 resolutions	 lower	 than	10km,	model	 simulations	
are	 significantly	 less	 sensitive	 to	 the	 choice	 of	 microphysics	 (e.g.,	 Lowrey	 and	 Yang,	 2008;	
Jankov	et	al.,	2007;	Nasrollahi	et	al.,	2012).	In	the	climate	ensemble	the	choice	of	microphysics	
scheme	has	little	influence	at	this	resolution,	therefore	we	choose	Thompson,	thereby	leaving	
us	 with	 three	 ensemble	 members.	 Thompson	 is	 a	 more	 appropriate	 scheme	 at	 higher	
resolutions,	which	will	allow	us	to	conduct	higher	resolution	experiments	in	future	work.	 	The	
future	climate	simulation	results,	shown	next	in	section	3.5,	are	based	on	these	three	ensemble	
members.		

For	 additional	 evaluations	 of	 the	 24-member	 climate	 ensemble	 the	 reader	 is	 referred	 to	 the	
appendices.	 Appendix	 E	 considers	 climate	 as	 sequences	 of	weather	 types,	 and	 evaluates	 the	
ensemble	 in	 that	 context,	 and	 assesses	 changes	 to	 the	 statistics	 of	 weather	 types,	 while	
Appendix	F	evaluates	the	diurnal	cycle.	

3.4 Climate Ensemble simulations under a climate change condition  

The	Climate	Ensemble	predictions	under	a	climate	change	scenario	are	analyzed	in	this	section.		
A	similar	approach	to	the	current	climate	evaluation	is	taken	here,	starting	with	an	analysis	of	
the	 large-scale	 regional	 climate	 to	 understand	 the	 future	 regional	 climate	 and	 large-scale	
environment	within	which	the	hurricanes	develop	and	ending	with	an	analysis	of	the	hurricanes	
themselves	and	their	damage	potential.	
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Figure	3.16:	 Future	 change	 in	DJF	 (top)	and	 JJA	 (bottom)	 11-year	 average	 SLP	 (hPa)	 for	 the	
ensemble	mean	(top	row)	and	each	of	the	three	ensemble	members	for	the	four	future	11-
year	time	slices	(2020-2030,	2030-2040,	2050-2060	and	2080-2090).	
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3.4.1 Sea	Level	Pressure	

Tropical	 cyclones	 are	 affected	 by	 large-scale	 weather	 patterns.	 When	 pressure	 differences	
increase,	the	frequency	of	low-pressure	systems	increase,	which	can	lead	increased	storminess	
(number	and	intensity	of	storms:	Feser	et	al.,	2014).	The	future	changes	in	sea	level	pressure	for	
the	3	ensemble	members	and	the	ensemble	mean	are	shown	in	Figure	3.16	for	the	seasons	DJF	
(top)	 and	 JJA	 (bottom).	 In	 general,	 there	 is	 a	 trend	of	 increasing	 SLP	over	 the	North	Atlantic	
associated	 with	 the	 overall	 warming,	 consistent	 with	 previous	 studies	 (Gillett	 et	 al	 2003).	
However,	 DJF	 also	 shows	 increased	 zonal	 variability,	 and	 therefore	 a	 suggestion	 of	 reduced	
future	storminess	along	the	North	Atlantic	storm	tracks.		

There	 are	 no	 significant	 differences	 among	 the	 ensemble	 members	 due	 to	 all	 members	
experiencing	similar	warming.	How	climate	change	manifests	 in	other	climate	variables	across	
the	ensemble	is	explored	next.		

3.4.2 Temperature	

As	 expected,	 all	 ensemble	 members	 show	 a	 future	 increase	 in	 maximum	 and	 minimum	
temperatures,	with	increases	of	2	to	8K	(Figure	3.17).	The	largest	changes	are	during	the	boreal	
winter	at	high	latitudes.	The	effect	of	this	 increase	is	that	winter	night-time	temperatures	are	
more	tempered,	while	summer	night	time	temperatures	and	day	time	temperatures	are	much	
hotter.	The	high	latitudes	also	see	the	earliest	significant	changes,	with	temperature	increasing	
from	the	2020s,	while	other	regions	only	start	experiencing	a	significant	warming	trend	towards	
the	middle	of	the	century.	Some	places	(particular	the	north	of	North	America)	are	predicted	to	
increase	 by	 1K	 per	 decade	 in	 their	 minimum	 surface	 temperatures.	 	 SST	 increases	 above	 2	
degrees	only	become	widespread	in	the	 later	decades.	Characteristics	of	the	future	change	in	
daily	maximum	 and	 daily	mean	 surface	 temperatures	 are	 similar	 (not	 shown).	 There	 is	 little	
difference	among	the	three	ensemble	members	since	the	warming	 is	driven	by	the	boundary	
data	and	sustained	in	the	interior	domain	by	the	increased	greenhouse	gas	concentrations.	

The	 average	 daily	minimum	 and	maximum	 temperatures	 (shown	 in	 Figure	 3.18	 for	 all	 three	
ensemble	 members)	 show	 that	 the	 changes	 are	 consistent	 throughout	 the	 year	 and	 not	
confined	to	a	single	season.	In	order	to	quantify	the	full	distribution	change	we	examined	the	
changes	in	the	mean	and	probability	density	functions	(PDFs)	for	the	different	climate	regions.	
The	 scores	 presented	 in	 Figure	 3.19	 compare	 the	 difference	 between	 the	 future	 decades	
against	the	current	climate.	The	scores	all	reflect	the	natural	climate	variability	and,	as	with	the	
previous	comparisons,	regional	differences	as	well	as	differences	between	the	models.		
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Figure	 3.17:	 Future	 change	 in	DJF	 11-year	 average	minimum	 (top)	 and	 JJA	 11-year	 average	
maximum	(bottom)	temperature	(K)	for	the	ensemble	mean	(top	row)	and	each	of	the	three	
ensemble	members	for	the	four	future	11-year	time	slices	(2020-2030,	2030-2040,	2050-2060	
and	2080-2090).	One	degree	contour	lines	are	added	to	the	ensemble	mean	plots.		
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Daily	 average	 temperature	 minima	 and	 maxima	 all	 show	 increases	 in	 the	 annual	 mean	 of	
between	 1°C	 in	 the	 early	 decade	 up	 to	 3.5°C	 toward	 the	 end	 of	 the	 century.	 Results	 are	
consistent	across	the	three	ensembles	and	all	climate	regions	(Figure	3.19).	Similarly,	there	are	
consistent	changes	in	the	annual	PDFs	and	upper	and	lower	tails	The	changes	are	greatest	for	
the	tails	of	the	distribution,	with	up	to	30%	change	in	daily	temperature	minima/maxima	from	
the	 current	 climate	 conditions	 by	 2080	 (not	 shown),	 indicating	 the	 increase	 in	 number	 of	
nights/days	 with	 record	 high	 temperatures.	 The	 climate	 regions	 with	 the	 biggest	 predicted	
changes	in	future	minima/maxima	temperatures	are	in	the	high	latitude	regions.		

	

Figure	3.18:	Average	 daily	minimum	 (top)	and	maximum	 (bottom)	 temperature	over	North	

America	 (left)	 and	 South	 America	 (right)	 for	 CFSR	 (black),	 and	 the	 3	 climate	members	 for	

current	 climate	 (grey),	 2020-2030	 (yellow),	 2030-2040	 (blue),	 2050-2060	 (green)	 and	 2080-

2090	(red).	Note	the	different	y-axis	scales.		
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3.4.3 Precipitation	

The	future	change	in	precipitation	over	North	America	(Figure	3.20)	varies	strongly	between	the	
ensemble	 members,	 and	 also	 shows	 strong	 decadal	 variability.	 Unlike	 temperature,	
precipitation	is	a	complex	multi-scale	process,	highly	sensitive	to	small	changes	in	stability	and	
circulation.	The	lack	of	agreement	among	the	ensemble	members	on	small	scales	 is	therefore	
not	totally	unexpected,	especially	considering	that	cumulus	parameterization	is	one	of	the	main	
differences	 between	 the	 members.	 Overall,	 however,	 we	 would	 have	 expected	 a	 general	
increase	 in	 rainfall	 linked	 to	 the	 ability	 of	 a	warmer	 atmosphere	 to	hold	more	moisture.	 But	
there	 is	 no	 such	 signal.	 This	 is	 also	 evident	 from	 the	mean	 precipitation	 change	 over	 all	 the	
northern	 and	 southern	 climate	 regions	 (Figure	 3.21).	 The	 northern	 regions	 show	more	 of	 a	
decadal	 signal,	 while	 the	 southern	 regions	 have	 a	 very	 slight	 decrease	 in	 mean	 annual	
precipitation.	 Could	 changes	 in	 the	 large-scale	 circulation	 be	 controlling	 patterns	 of	
precipitation	 change,	 or	 is	 this	 an	 artifact	 of	 the	 need	 for	 a	 convective	 scheme	 at	 this	
resolution?	Further	analysis	is	needed	to	explore	this	result.		

More	 consistent	 precipitation	 change	 is	 apparent	 over	 the	 mid-latitude	 ocean	 basins	 with	
increases	over	the	North	Pacific	and	decreases	over	the	North	Atlantic.	In	the	tropics,	changes	
are	associated	with	 future	shifts	 in	 the	 locations	of	 the	main	convergence	zones	and	perhaps	
also	changes	in	tropical	cyclone	tracks	or	frequency.	

	

Figure	3.19:	Changes	in	the	mean	annual	maximum	(left)	and	minimum	(right)	temperatures	
of	all	North	American	climate	regions.		
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Figure	 3.20:	 Future	 change	 in	 DJF	 (top)	 and	 JJA	 (bottom)	 11-year	 average	 precipitation	
(mm/day)	for	the	ensemble	mean	(top	row)	and	each	of	the	three	ensemble	members	for	the	
four	future	11-year	time	slices	(2020-2030,	2030-2040,	2050-2060	and	2080-2090).	
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Considering	the	decades	in	isolation	is	suggestive	of	an	inconsistent	pattern,	with	decreases	in	

the	mean	daily	precipitation	during	the	earlier	decades	 followed	by	 later	 increases.	However,	

this	 is	 consistent	 with	 the	 natural	 decadal	 fluctuations	 anticipated	 in	 climate	 data.	 Seasonal	

differences	are	 less	 robust	 across	 the	members	but	overall	 show	 increases	during	 the	boreal	

winter	 (Figure	 3.20)	 and	 decreases	 during	 the	 boreal	 summer,	with	 insignificant	 increases	 in	

autumn	and	decreases	in	spring.	

3.4.4 Hurricanes	

The	effect	of	climate	change	and	variability	on	TC	numbers	for	the	North	Atlantic	basin	and	the	

Gulf	of	Mexico	is	shown	in	Figure	3.22.	There	is	substantial	ensemble	spread	in	the	numbers	of	

tropical	cyclones	within	each	decade.	RKTM	produces	an	average	of	12	cyclones	for	the	North	

Atlantic	 basin,	 and	 RNTY	 almost	 7.	 For	 the	 Gulf	 of	 Mexico,	 the	 ensemble	 ranges	 from	 4.1	

(RKTM)	to	1.7	(RNTY).	Although	there	is	some	decadal	variability,	ensemble	mean	TC	numbers	

decrease	 in	 the	 future,	 both	 for	 the	entire	North	Atlantic	 basin	 and	 the	Gulf	 of	Mexico.	 This	

highlights	 the	 need	 for	 ensemble	 assessments	 of	 free-running	 simulations	 to	 identify	 robust	

climate	change	signals.	 	The	same	data	are	shown	as	a	percent	change	for	the	North	Atlantic	

basin	in	Figure	3.23.	Three		of	the	members	predict	a	reduction	(as	indicated	by	the	gray	line),	

resulting	 in	an	ensemble	mean	reduction	of	approximately	2	TCs	per	year	or	approximately	a	

30%	 reduction.	 For	 the	Gulf	 of	Mexico,	 the	ensemble	mean	predicts	 a	 reduction	of	 1	 TC	per	

year	by	the	later	decades,	or	approximately	a	35%	reduction.	The	proportion	of	TCs	that	enter	

the	Gulf	of	Mexico	are	therefore	predicted	to	decrease	slightly.		

Figure	3.21:	Projected	mean	annual	 precipitation	 changes	 for	North	 (left)	and	South	 (right)	
America.			
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Climate	change	effects	on	the	distribution	of	maximum	wind	speeds	are	now	explored.	Figure	

3.24	 (left)	 shows	 no	 significant	 change	 for	 TCs	 over	 the	 entire	 North	 Atlantic	 basin,	 for	 the	

example	ensemble	member	RKTM.	There	is	a	suggestion	that	the	largest	proportional	change	is	

in	the	strongest	storms	for	the	far	 future.	But	these	changes	are	not	significant	 -	a	 two-sided	

Kolmogorov-Smirnov	test	does	not	reject	the	hypothesis	that	early	and	later	decades	are	from	

the	same	distribution.	Changes	are	similarly	not	significant	when	considering	the	sub-region	of	

the	Gulf	of	Mexico	 (Figure	3.24,	 right).	 	These	 results	are	 similar	 for	 the	other	 two	ensemble	

members	(not	shown).	At	36	km	grid	spacing,	the	model	does	not	have	the	capacity	to	simulate	

TCs	 stronger	 than	 a	 Category	 2	 hurricane.	 This	 is	 a	 well-understood	 consequence	 of	 poorly	

resolved	pressure	gradients	in	the	inner	cores	of	strong	hurricanes.	As	a	result,	the	model	will	

also	 struggle	 to	 capture	 changes	 to	 the	most	 intense	TCs.	 	 For	 an	understanding	of	 intensity	

change,	we	therefore	look	to	the	high-resolution	CONUS	simulations	(section	4).		

	

Figure	 3.22:	 Average	 annual	 numbers	 of	 tropical	 cyclones	 for	 the	 5	 simulated	 decades	 for	
(left)	 the	North	Atlantic	basin	and	(right)	the	Gulf	of	Mexico,	defined	as	the	box	260-280°E,	
15-32°N.	Blue	colors	indicate	the	three	ensemble	members	and	the	ensemble	mean	is	shown	
in	gray.	
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The	two	other	 input	parameters	of	CDP	-	TC	size	and	TC	forward	speed	–	also	do	not	change	
significantly	in	the	future	(not	shown).	Distributions	of	CDP,	therefore,	show	no	significant	long-
term	change	 (not	 shown).	Decadal	 variability,	 however,	 is	 substantial	 for	CDP	particularly	 for	
smaller	spatial	scales.		

Spatial	maps	of	median	and	maximum	CDP	for	a	single	ensemble	member	-	RTTY	-	for	all	 five	
decades	 are	 shown	 in	 Figure	 3.25	 to	 illustrate	 the	 strong	 decadal	 variability	 in	 the	 spatial	
patterns	 of	 CDP.	 Locations	 of	 highest	 potential	 damage	 vary	 across	 the	 decades	 with	 no	
consistent	trends	going	into	the	future.	These	locations	of	highest	damage	potential	also	vary	
across	 the	 ensemble	 members	 (not	 shown).	 Understanding	 whether	 this	 lack	 of	 signal	 in	
locations	is	a	sampling	problem	or	an	inherent	characteristic	of	the	climate	system	would	need	
a	larger	ensemble	size	or	sampling	periods,	beyond	the	scope	of	this	study.	For	changes	in	CDP,	
we	 look	 to	 the	 higher	 resolution	 and	 more	 constrained	 CONUS	 simulations	 for	 guidance	
(section	4).	

Figure	 3.23:	 Predicted	 percent	 change	 in	 cyclone	
numbers	 (future	–	 current	 climate)	 for	 the	North	
Atlantic	basin.	 	Absolute	 change	 is	 shown	on	 the	
left,	 and	percent	change	on	the	 right.	Blue	colors	
indicate	 the	 three	 ensemble	 members	 and	 the	
ensemble	 mean	 is	 shown	 in	 gray.	 The	 gray	 line	
indicates	current	climate	variability.		
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The	 changes	 to	 the	 hurricanes	 presented	 here	 would	 drive	 corresponding	 changes	 to	 the	
broader	metocean	environment,	 including	ocean	waves	and	currents	 in	the	Gulf	of	Mexico.	A	
first	order	assessment	of	potential	future	changes	in	ocean	waves	has	been	conducted	(details	
in	Appendix	G).	 The	plausible	 future	 scenario	of	 a	 10%	 increase	 in	wind	 speed	 led	 to	overall	
future	increases	in	the	extremes	of	metocean	variables,	with	the	biggest	proportional	increase	
in	the	significant	wave	height.		

Figure	 3.24:	 Distributions	 of	 6-hourly	 TC	maximum	wind	 speed	 (ms
-1
)	 for	 the	 entire	 North	

Atlantic	 basin	 (left)	 and	 Gulf	 of	 Mexico	 (right)	 for	 ensemble	 member	 RKTM	 for	 the	 5	

simulated	 decades:	 1990-2000	 (black	 line),	 2020-2030	 (yellow	 line),	 2030-2040	 (blue	 line),	

2050-2060	(green	line),	and	2080-2090	(red	line).	
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Figure	 3.25:	 Median	 and	
maximum	 CDP	 for	 ensemble	
member	 RTTY	 for	 all	 5	
simulated	 decades.	 CDP	 track	
points	 are	 interpolated	 onto	
an	equal	area	hexagonal	grid.	
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To	 place	 the	 predicted	 changes	 to	 future	 tropical	 cyclones	 in	 perspective,	 we	 utilize	 Self-
Organizing	Maps	 (for	 a	 description	 of	 SOMs	 see	Appendix	D)	 to	 evaluate	 the	 changes	 in	 the	
future	large-scale	environment	that	result	in	TCs.		

Figure	3.26	 shows	a	 SOM	 feature	map	of	 sea	 level	pressure	 calculated	 for	 the	north	Atlantic	
cyclone	 basin	 season	 (August,	 September	 and	October).	 Initial	 weighted	 vectors	 to	 train	 the	
SOM	are	sampled	evenly	 from	the	subspace	spanned	by	the	two	 largest	principal	component	
eigenvectors	 (Kohonen,	2005).	 This	 creates	a	 feature	map	 that	 linearly	 space	all	 the	 synoptic	
patterns	 between	 the	 two	most	 extremes	 (top	 left	 and	 bottom	 right)	 nodes.	 All	 24	 current	
climate	ensemble	members	and	the	ERA-Interim	reanalysis	were	included	in	this	SOM	analysis	
using	daily	averages	of	SLP.	A	grid	of	35	nodes	was	chosen,	creating	a	7x5	array.	Smaller	and	
larger	SOM	matrices	were	tested	to	determine	a	suitable	number	of	nodes.	If	the	matrix	is	too	
small,	some	patterns	may	not	be	represented;	if	too	big,	adjacent	patterns	will	be	too	similar.	
The	 ideal	SOM	size	(one	that	represents	all	possible	synoptic	patterns)	 is	determined	through	
the	use	of	Multi-Objective	Evolutionary	Algorithms	(Büche	et	al.,	2003).	

Figure	3.26:	Current	 climate	SOM	 sea	 level	 pressure	 (hPa)	 analysis	 for	North	Atlantic	 basin	
cyclone	season	(ASO).	
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To	identify	the	effect	that	these	different	SLP	patterns	have	on	sea	surface	temperature	(SST)	
and	 storm	genesis,	 the	node	averaged	SST	anomaly	was	mapped	onto	 the	SLP	nodes	 (Figure	
3.27).	For	example,	the	days	used	to	create	the	top-left	hand	node	in	Figure	3.26	are	the	same	
days	that	are	used	to	create	the	top-left	hand	SOM	SST	anomaly	node	(Figure	3.27).	Comparing	
this	 SST	anomaly	map	 (Figure	3.27)	with	 the	SLP	SOM	feature	map	 (Figure	3.26)	 reveals	 that	
strong	high	or	low	pressure	patterns	over	the	Atlantic	Ocean	(nodes	located	at	the	edges	of	the	
feature	map)	are	associated	with	a	warm	SST	anomaly	in	the	TC	main	development	region	off	
the	coast	of	Africa.	Transition	nodes,	which	can	be	seen	in	the	middle	of	the	SOM	feature	map,	
show	a	reversal	of	the	SST	anomaly.		

The	colors	in	Figure	3.28	depict	TC	genesis	per	SOM	node.	White	indicates	nodes	with	average	
TC	 genesis	 frequency,	 while	 red/blue	 indicate	 higher/lower	 than	 average	 TC	 genesis.	 Darker	
colors	 indicate	 larger	departures	from	the	median.	Transition	nodes	(middle	of	the	SOM),	are	
associated	with	cold	SST	anomalies	off	the	African	coast,	and	average	TC	genesis,	while	nodes	
on	the	edges	are	associated	with	higher	TC	genesis.		

Changes	 in	 future	 climate	 are	 associated	with	 changes	 in	 the	 frequency	with	which	weather	
patterns	 develop.	 Figure	 3.28	 (bars)	 shows	 the	 frequencies	 of	 occurrence	 of	 each	 of	 the	 sea	

Figure	 3.27:	 SOM	 analysis	 of	 sea	 surface	 temperature	 anomaly	 (compare	 to	 the	 ensemble	
mean)	for	the	current	climate	ensemble.		
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level	 pressure	 node	 patterns	 in	 Figure	 3.26.	 The	 bars	 represent	 the	 frequency	 of	 node	
occurrence.	The	lighter	gray	shades	are	the	current/near	future	periods	(1990-2000	and	2020-
2030)	 and	 the	 darker	 gray	 bars	 show	 the	 farther	 future	 periods	 (2030-2040,	 2050-2060,	 and	
2080-2090).	The	lines	in	Figure	3.28	show	the	future	changes	in	TC	genesis	per	node.	Although	
not	a	one-to-one	match,	there	are	some	evidence	that	changes	in	frequency	of	nodes	are	linked	
to	similar	directional	changes	in	TC	genesis.	The	nodes	that	are	linked	to	the	highest	TC	genesis	
(left	side	of	Figure	3.28),	show	the	most	sensitivity	to	changes	in	node	frequency.	This	predicted	
change	in	environmental	conditions	can	therefore	be	linked	directly	to	the	decrease	in	TCs	as	
seen	in	Figure	3.23.	

	

Figure	3.28:	Bars:	Frequency	of	each	SOM	node	-	the	bar	colors	(from	light	to	dark)	represent	
the	decades	from	1990-2000	to	2028-2090;	Lines:	Changes	in	TC	frequency	from	1990-2000	to	
2080-2090;	Color:	Current	climate	TC	genesis	 frequency	per	node	–	white	 indicates	nodes	 is	
average	TC	genesis,	while	 red/blue	 indicates	 higher/lower	 than	average	 TC	genesis.	Darker	
colors	indicate	larger	departures	from	the	median.	
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3.4.5 Discussion	

Tropical	 cyclones	 (TCs)	 pose	 significant	 threats	 to	 society.	 The	 Gulf	 of	Mexico	 is	 particularly	
vulnerable	due	to	the	presence	of	high	coastal	populations	and	significant	 infrastructure	both	
onshore	 and	 offshore.	 Knowledge	 of	 the	 likelihood	 of	 possible	 future	 changes	 in	 hurricane	
activity	in	this	region	is	therefore	of	critical	importance.	

To	address	 this	 challenge,	 a	 state	of	 the	art	modeling	 study	was	undertaken	by	 the	National	
Center	for	Atmospheric	Research	(NCAR)	with	sponsorship	from	DNV	GL	to	estimate	the	most	
likely	 impacts	 of	 climate	 change	 on	 Gulf	 of	 Mexico	 hurricane	 activity,	 including	 intensity,	
frequency,	extent	of	damaging	winds	and	forward	speed.	 	During	phase	1	a	 large	24-member	
physics	 ensemble	 was	 evaluated	 to	 determine	 the	 most	 suitable	 combination	 of	 physics	
parameterizations	 for	 regional	 climate	 change	 and	 variability	 studies.	 TC	 genesis	 and	
development	 is	 highly	 dependent	 on	 environmental	 conditions,	 so	 care	was	 taken	 to	 ensure	
that	 the	 simulations	 not	 only	 generated	 TCs,	 but	 also	 correctly	 simulated	 the	 large-scale	
environment	associated	with	these	storms.		

The	 choice	 of	 radiation	 scheme,	 by	 far,	 had	 the	 biggest	 impact	 on	 regional	 climate	 and	 TC	
activity,	with	the	CAM	radiation	leading	to	significant	biases	in	both	temperature	and	sea	level	
pressure.	 Cumulus	 and	 planetary	 boundary	 layer	 (PBL)	 schemes	 had	 the	 biggest	 impact	 on	
temperature	and	TC	biases.	Here	biases	were	not	confined	to	a	specific	cumulus	or	PBL	scheme,	
but	rather	specific	combinations	of	these	schemes.	The	KF	cumulus	and	the	YSU	PBL	schemes	
generally	 overestimated	 both	 precipitation	 and	 TC	 genesis,	 leading	 to	 significant	
overestimations	 if	 KF-YSU	 schemes	 are	 paired	 together.	 The	 reverse	 was	 true	 –	 an	
underestimation	of	precipitation	and	TC	genesis	-	for	the	combination	of	NSAS/Tiedtke	cumulus	
with	MYJ	PBL.		At	grid	spacings	of	36km	(as	used	here)	microphysics	play	a	very	small	role	in	the	
regional	climate	or	TC	activity	(e.g.,	Lowrey	and	Yang,	2008;	Jankov	et	al.,	2007;	Nasrollahi	et	al.,	
2012),	and	 therefore	choosing	a	 scheme	 that	 is	appropriate	 for	both	 low	and	high-resolution	
simulations	 (Thompson)	 allows	 the	 use	 of	 the	 same	 physics	 combinations	 for	 later	 4km	
simulations	(see	section	5).		

The	careful	evaluation	of	the	physics	ensemble	allowed	us	to	select	a	small,	targeted	ensemble	
set	 (RKTM,	 RNTY,	 and	 RTTY)	 to	 conduct	 a	 future	 climate	 assessment.	 The	 three	 ensemble	
members	 simulate	a	current	climate	period	 (1990-2000)	and	several	 future	 time-slices:	2020-
2030,	2030-2040,	2050-2060,	and	2080-2090.	

Climate	change	signals	are	significant.	SLP	increases	in	association	with	an	increase	in	day	and	
night	time	temperatures	by	as	much	as	1°C	per	decade.	This	will	result	in	warmer	winters,	and	
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hotter	summers	characterized	by	warmer	summer	nights.	An	 increase	 in	SLP	along	 the	North	
Atlantic	 storm	track	suggests	a	 reduction	 in	 future	storminess	along	 the	North	Atlantic	 storm	
tracks.		

Precipitation	 changes	 are	 generally	 small	 and	 variable	 across	 the	 ensemble	 and	 across	 the	
future	time	periods.	Under	the	scenario	of	hotter	temperatures,	however,	impacts	on	the	water	
cycle	will	 include	enhanced	evaporation,	reduced	snowpack	and	earlier	snowmelt	runoff,	with	
potentially	serious	environmental	and	human	consequences.	

There	is	a	drop	in	TC	numbers	of	up	to	35%	over	the	Atlantic	and	Gulf	of	Mexico	basins.	Self-
Organizing	Maps	 show	 a	 future	 reduction	 in	 the	 occurrence	 of	 weather	 patterns	 associated	
with	high	rates	of	TC	genesis,	which	accounts	for	the	simulated	drop	in	TC	genesis.		

Future	 TCs	 are	 predicted	 to	 be	 stronger,	 but	 not	 statistically	 significant.	 Quantifying	 future	
changes	in	cyclone	intensity	requires	simulations	at	higher	resolution,	which	is	done	in	section	5.	
However,	even	a	relatively	small	hypothetical	increase	of	10%	in	cyclone	intensity	can	result	in	
a	 substantial	 future	 increase	 in	 the	 extremes	 of	 metocean	 variables	 (as	 demonstrated	 in	
Appendix	G);	with	significant	wave	height	increasing	the	most.	There	is	no	significant	change	in	
seasonal	accumulated	cyclone	damage	potential	even	with	fewer	TCs.			

A	 weather	 type	 (WT)	 analysis	 (Appendix	 E)	 shows	 the	 climate	 change	 signal	 that	 can	 be	
attributed	 to	 changes	 in	 WT	 frequencies	 is	 much	 smaller	 than	 the	 signal	 attributable	 to	
thermodynamic	changes.	The	relative	importance	of	thermodynamic	versus	circulation	change	
in	 the	 patterns	 of	 precipitation	 change	 is	 further	 explored	 using	 a	 Pseudo-Global-Warming	
(PWG)	approach	in	section	4.		

3.5 Conclusion 

Only	through	long	multi-year	and	high-resolution	simulations	are	we	able	to	assess	the	skill	of	a	
regional	climate	model	 in	 reproducing	 regional	weather	statistics.	Moreover,	 regional	climate	
and	weather	statistics	can	be	highly	sensitive	to	the	representation	of	key	physical	atmospheric	
processes.	For	the	first	time,	this	work	generates	multi-year	high-resolution	simulations	using	a	
large	range	of	atmospheric	physics	combinations	to	critically	assess	future	changes.	This	unique	
approach	 adds	 a	 key	 component	 of	 the	 uncertainty	 –	 derived	 through	 the	 use	 of	 multiple	
physics	parameterizations	–	missing	from	many	regional	climate	studies.		

Our	use	of	a	single	future	climate	scenario	to	drive	the	regional	model	ignores	the	component	
of	variability	due	to	internal	variability	of	the	global	climate.	The	known	decadal	timescales	of	
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this	 climate	 variability	 means	 that	 the	 changes	 between	 earlier	 time	 windows	 and	 current	
climate	are	dominated	by	climate	variability	rather	than	climate	change.	However,	as	the	time	
windows	grow	farther	apart,	climate	change	plays	a	larger	role.	We	may	therefore	interpret	the	
differences	between	neighboring	time	windows	as	being	dominated	by	climate	variability	(and	
therefore	 low	confidence	because	we	only	explored	a	single	realization	of	climate	variability).	
Differences	between	time	windows	far	apart,	however,	may	be	 interpreted	as	having	a	 larger	
influence	from	climate	change.	

The	first	step	was	to	 identify	combinations	of	physical	parameterizations	that	are	suitable	for	
regional	 climate	 variability	 and	 change	 studies	 over	 the	 Americas.	 A	 careful	 evaluation	 and	
selection	 process	 identified	 3	 out	 of	 24	 combinations	 of	 model	 physics	 that	 perform	 well	
compared	 to	 current	 climate	 observations	 of	 hurricanes	 and	 regional	 temperature,	
precipitation	 and	 surface	 pressure.	 These	 3	 physics	 combinations	 were	 then	 used	 to	 assess	
credible	 scenarios	 of	 future	 regional	 climate	 change.	 This	 selection	 process	 increases	 our	
confidence	in	the	future	changes	compared	to	blind	sampling	across	physics	schemes.		

Major	 changes	are	predicted	over	 the	Americas.	 Looking	at	 the	 statistics	of	weather	 systems	
over	 time	windows	 into	the	 future,	 the	Climate	Ensemble	predicts	significant	warming	that	 is	
largest	 at	 high	 latitudes	 and	 in	 the	 tails	 of	 the	distributions.	Whereas	 temperature	 change	 is	
robust	across	the	ensemble,	precipitation	change	exhibits	considerable	differences	among	the	
ensemble	members	on	 regional	 scales.	This	expected	sensitivity	 reflects	 the	complex	physical	
processes	leading	to	precipitation.	However,	more	work	is	needed	to	assess	the	credibility	of	a	
predicted	 overall	 future	 drying.	 Hurricanes,	 on	 the	 other	 hand,	 exhibit	 a	 robust	 decrease	 in	
numbers	 for	 the	 North	 Atlantic	 basin	 and	 the	 sub-region	 of	 the	 Gulf	 of	 Mexico.	 Physical	
mechanisms	 driving	 the	 change	 were	 tied	 to	 changes	 in	 the	 frequency	 of	 environmental	
patterns	 through	 Self	 Organized	 Maps.	 Predicted	 changes	 in	 hurricane	 intensity	 and	 also	
damage	potential	are	not	significant,	and	reflect	 the	 limitations	of	a	 low	sample	size	 (despite	
the	 long	multi-year	simulations)	and	 the	 influence	of	changes	 in	variability	on	decadal	 scales.	
For	change	 in	hurricane	 intensity	and	damage	potential,	we	 look	to	the	higher	resolution	and	
more	constrained	CONUS	simulations	for	guidance.	
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4 Pseudo-Global Warming Ensemble Simulations 

4.1 Experiment Description 

In	 addition	 to	 evaluating	 the	 skill	 of	 the	 24	 physics	 ensemble	members	 in	 current	 climate	 in	
section	3,	these	ensemble	members	are	also	evaluated	for	their	sensitivity	to	a	warming	climate	
using	a	set	of	Pseudo-Global	Warming	(PGW)	simulations.		The	PGW	method	works	by	applying	
the	 mean	 climatological	 change	 in	 key	 atmospheric	 variables	 to	 historical	 weather	 patterns	
(Schär	et	al.,	1996;	Rasmussen	et	al.,	2011).	In	these	simulations,	we	applied	a	PGW	change	for	
the	 following	 input	 variables:	 East-West	 wind	 speed,	 North-South	 wind	 speed,	 vertical	 wind	
speed,	 surface	 pressure,	 geopotential	 height,	 air	 temperature,	 relative	 humidity,	 and	 sea	
surface	temperature.	We	compute	the	change	signal	over	a	95	year	time	period	using	data	from	
the	same	RCP	8.5	scenario	CCSM4	simulation	as	used	in	the	decadal	simulations.	 	The	change	
signal	is	calculated	by	averaging	the	period	2070-2090	and	subtracting	from	it	the	average	over	
the	period	1985-2005.	 This	 difference	 is	 calculated	 independently	 for	 every	 variable	 at	 every	
point	 in	 space,	 and	 for	 every	day	of	 the	 year	 using	 a	 30-day	 time	window.	 For	 example,	 the	
change	 signal	 for	May	 1st	 of	 all	 years	 is	 computing	 by	 averaging	 the	 change	 signal	 over	 the	
period	April	16th	to	May	15th.	The	resulting	change	signal	has	a	mean	warming	signal	of	3-6°C	
and	an	increase	in	water	vapor	mixing	ratio	of	20-40%,	consistent	with	the	Clausius-Clapeyron	
relationship.		

These	simulations	compared	a	period	 in	the	current	climate	using	ERA-I	boundary	conditions,	
with	the	same	period	after	applying	the	PGW	perturbation.		Because	PGW	simulations	use	the	
same	transient	weather	patterns	(from	ERA-I)	in	both	the	current	and	future	simulations,	they	
provide	 a	more	direct	 comparison	 and	 fewer	 years	were	used	 for	 the	 comparison.	 The	PGW	
simulations	performed	here	were	only	performed	for	a	nearly	four-year	period	(1	May	1995	–	
31	Dec	1998).		

4.2 Tropical Cyclone Track Analysis 

For	these	simulations	we	compare	current	and	PGW	future	hurricane	track	characteristics	from	
the	 Atlantic	 and	Gulf	 of	Mexico	 regions.	 	 Our	 analysis	 focuses	 on	 changes	 in	 the	 number	 of	
tracks,	the	maximum	wind	speeds,	the	radii	of	hurricane	force	winds,	and	the	sea	level	pressure	
minima.		

To	 calculate	 hurricane	 track	 statistics,	 these	 simulations	 were	 processed	 using	 the	 Hodges	
tracking	 algorithm	 (Hodges	 1995;	 1999).	 In	 this	 algorithm,	 individual	 vorticity	 centers	 were	
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tracked	 through	 the	 simulation	 period,	 and	 then	 filtered	 to	 select	 only	 the	 tracks	 that	
correspond	 to	 tropical	 cyclone	 features.	 	 This	 ensemble	 exhibits	 the	 same	 features	 of	 the	
decadal	 WRF	 simulations	 with	 respect	 to	 the	 average	 number	 of	 tracks	 in	 each	 physics	
ensemble	member	(Figure	4.1).	 	The	two	physics	packages	that	made	the	most	difference	are	
the	cumulus	scheme	and	the	planetary	boundary	 layer	scheme.	The	ensemble	members	with	
the	 most	 realistic	 depiction	 of	 tropical	 cyclone	 frequencies	 are	 those	 that	 paired	 the	 Kain-
Fritsch	 (KF)	 cumulus	 scheme	 with	 the	 MYJ	 planetary	 boundary	 layer	 scheme,	 or	 those	 that	
paired	 the	NSAS	or	 Tiedtke	 cumulus	 scheme	with	 the	YSU	planetary	boundary	 layer	 scheme.		
The	same	tropical	cyclone	filtering	criteria	were	used	in	the	PGW	simulations	as	in	the	decadal	
simulations.		

	

	

Figure	4.1:	North	Atlantic	tropical	cyclone	tracks	in	each	ensemble	member	for	the	3	analysis	
years	in	the	current	climate	of	the	PGW	simulations.	The	number	of	tracks	in	each	ensemble	
member	is	listed	in	parenthesis.		
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4.3 Results and Discussion 

The	large	domain	used	in	these	simulations,	as	compared	to	other	PGW	studies,	decreases	the	
consistency	between	the	current	climate	simulations	and	the	PGW	climate	simulations.		Such	a	
large	 domain	 enables	 the	 model	 to	 evolve	 freely	 internally	 and,	 as	 a	 result,	 the	 simulated	
weather	patterns	and	tropical	storms	in	the	current	and	PGW	climates	are	not	the	same.		This	
negates	the	primary	benefit	of	the	PGW	method,	namely	the	ability	to	directly	compare	a	given	
storm	to	its	future	instantiation.		This,	combined	with	the	relatively	small	(20-50)	total	number	
of	tracks	per	ensemble	member	(Figure	4.1),	makes	drawing	substantive	conclusions	about	the	
change	signal	in	individual	ensemble	members	difficult.		However,	even	with	this	limitation,	we	
can	 assess	 the	 impact	 of	 physics	 schemes	 on	 the	 mean	 changes	 by	 grouping	 ensemble	
members	from	each	physics	class	as	described	below.			

While	 it	 is	 not	 possible	 to	 compare	 individual	 ensemble	 members,	 the	 average	 across	 the	
ensemble,	or	as	grouped	into	physics	scheme	subsets,	provides	another	approach	to	examining	
the	 impact	 of	 possible	 future	 changes	 in	 climate	 on	 tropical	 cyclone	 activity,	 as	 well	 as	 the	
sensitivity	 of	 the	 results	 to	 the	 physics	 parameterization	 selected.	 	 To	 group	 the	 ensemble	
members	by	physics	parameterization,	we	first	remove	the	parameterization	combinations	that	
are	unrealistic,	i.e.	poor	performing	pairings	of	cumulus	and	PBL	schemes.		Grouping	ensemble	
members	 by	 physics	 parameterization	 increases	 the	 sample	 size	 to	 approximately	 100-200	
tracks	 per	 group,	 and	 effectively	 increases	 the	 number	 of	 analysis	 years	 from	 three	 per	
ensemble	member	to	between	twelve	and	eighteen.		

We	 first	 analyze	 the	 effect	 of	 cumulus	 parameterization	 choice.	 	 In	 this	 case	 all	 ensemble	
members	 that	 used	 a	 given	 cumulus	 parameterization	 (KF,	 NSAS,	 or	 Tiedtke)	 are	 grouped	
together	and	the	resulting	changes	are	presented.		The	effects	of	the	cumulus	parameterization	
are	difficult	to	separate	from	the	effects	of	the	PBL	parameterization	because	the	KF	cumulus	
parameterization	is	only	used	with	the	MYJ	PBL	parameterization,	while	the	NSAS	and	Tiedtke	
parameterizations	 were	 only	 used	 with	 the	 YSU	 PBL	 parameterization.	 	 However,	 across	 all	
variables,	 there	 are	 no	 large	 changes	 in	 any	 of	 the	 parameterizations	 (Figure	4.2).	 	 Using	 a	
Student’s	 t-test,	 there	 is	 a	 statistically	 significant	 increase	 in	 the	 average	 sea	 level	 pressure	
minima	 for	 the	KF	 (1.7	hPa,	 p<0.01)	 and	NSAS	 (1.7	hPa,	 p<0.05)	parameterizations,	while	 the	
Tiedtke	parameterization	showed	no	significant	change.	 	There	 is	a	decrease	 in	average	wind	
speeds	 for	 the	 NSAS	 parameterization	 (-1	m	s-1,	 p<0.01),	 an	 increase	 for	 the	 Tiedtke	
parameterization	 (0.6	m	s-1,	 p<0.05),	 and	 no	 change	 for	 the	 KF	 parameterization.	 There	 is	 an	
increase	in	the	radius	of	hurricane	force	winds	for	the	NSAS	parameterization	(19	km,	p<0.05),	
but	no	change	for	the	other	parameterizations.		While	this	analysis	is	presented	with	respect	to	
the	cumulus	parameterization,	the	effects	of	the	KF	parameterization	cannot	be	separated	from	
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the	 effects	 of	 the	MYJ	 PBL	 parameterization	 because	 all	 of	 the	 KF	 simulations	 used	 the	MYJ	
parameterization	and	all	of	the	MYJ	simulations	used	the	KF	parameterization.		

Next	we	 examine	 the	 effect	 of	 radiation	 parameterization	 choice.	 	 In	 this	 case,	 all	 ensemble	
members	that	used	a	given	radiation	parameterization	(CAM	or	RRTMG)	are	grouped	together	
and	the	resulting	changes	are	presented	(Figure	4.3).	For	the	two	radiation	parameterizations,	
there	are	no	statistically	significant	changes	 in	the	mean	values	of	any	variables	based	on	the	
Student’s	t-test	(p<0.05).		

We	also	examine	the	effect	of	microphysics	parameterization	choice.		In	this	case,	all	ensemble	
members	that	used	a	given	microphysics	parameterization	(WSM6	or	Thompson)	are	grouped	
together	 and	 the	 resulting	 changes	 are	 presented	 (Figure	4.4).	 As	 with	 the	 radiation	
parameterization	 test,	 there	are	no	statistically	 significant	changes	 in	 the	mean	values	of	any	

(a)	

	
(b)	

	
(c)	

	
Figure	 4.2:	 Histograms	 for	 each	 cumulus	 parameterization	 for	 (a)	 sea	 level	 pressure	
minima,	(b)	wind	speeds,	and	(c)	radii	of	hurricane	force	winds	in	current	(blue)	and	PGW	
(green)	climate.	
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variables	 based	 on	 the	 Student’s	 t-test	 (p<0.05)	 for	 either	 of	 the	 microphysics	
parameterizations.		

Finally,	 we	 examine	 the	 effect	 of	 PBL	 parameterization	 choice.	 	 In	 this	 case,	 all	 ensemble	
members	that	used	a	given	PBL	parameterization	(MYJ	or	YSU)	are	grouped	together	and	the	
resulting	 changes	 are	 presented	 (Figure	4.5).	 While	 these	 results	 are	 presented	 for	
completeness,	 it	 should	 be	 noted	 that	 the	 inability	 to	 separate	 PBL	 from	 cumulus	
parameterization	makes	it	nearly	impossible	to	reach	any	further	substantive	conclusions.		For	
example,	all	of	the	statistics	for	the	MYJ	PBL	parameterization	are	identical	to	those	of	the	KF	
parameterization,	and	the	statistics	for	the	YSU	parameterization	are	essentially	the	average	of	
the	 NSAS	 and	 Tiedtke	 parameterizations	 statistics.	 	We	 attribute	most	 of	 the	 change	 to	 the	
cumulus	parameterization	because	the	KF	and	NSAS	parameterizations	often	behaved	similarly,	
despite	using	different	PBL	parameterizations,	while	 the	NSAS	and	Tiedtke	parameterizations	

(a)	

	
(b)	

	
(c)	

	
Figure	 4.3:	 Histograms	 for	 each	 radiation	 parameterization	 for	 (a)	 sea	 level	 pressure	
minima,	(b)	wind	speeds,	and	(c)	radii	of	hurricane	force	winds	in	current	(blue)	and	PGW	
(green)	climate.	
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behaved	differently	despite	using	the	same	PBL	parameterization.	It	is	possible,	however,	that	
compensating	differences	between	NSAS	and	KF	and	between	MYJ	and	YSU	provide	in	the	same	
result.		

	

	

While	there	are	no	consistent	changes	in	any	of	the	individual	statistics	examined,	the	number	
of	 storms	 present	 changed	 substantially	 (Table	4-1).	 	 There	 is	 a	 decrease	 in	 the	 number	 of	
tropical	cyclone	tracks	in	all	ensemble	members.	 	When	binned	by	cumulus	parameterization,	
there	 is	 a	 significant	 difference	 between	 parameterizations.	 KF	 and	 NSAS	 both	 simulated	
decreases	in	the	number	of	tropical	cyclone	tracks	by	49	and	45	percent	respectively,	while	the	
Tiedtke	 parameterization	 only	 showed	 a	 20	 percent	 decrease	 in	 the	 number	 of	 tracks.	 	 In	

(a)	

	
(b)	

	
(c)	

	
Figure	 4.4:	Histograms	 for	 each	microphysics	 parameterization	 for	 (a)	 sea	 level	 pressure	
minima,	(b)	wind	speeds,	and	(c)	radii	of	hurricane	force	winds	in	current	(blue)	and	PGW	
(green)	climate.	
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contrast,	the	differences	between	other	parameterization	combinations	is	minimal;	the	WSM6	
WSM6	 and	 Thompson	 microphysics	 ensembles	 had	 decreases	 of	 38	 and	 42	 percent	
respectively,	the	CAM	and	RRTMG	radiation	parameterizations	simulated	decreases	of	39	and	
40	percent	respectively.			

	 	

(a)	

	
(b)	

	
(c)	

	
Figure	4.5:	Histograms	for	each	PBL	parameterization	for	(a)	sea	level	pressure	minima,	(b)	
wind	 speeds,	 and	 (c)	 radii	 of	 hurricane	 force	 winds	 in	 current	 (blue)	 and	 PGW	 (green)	
climate.	
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4.4 Conclusions 

These	simulations	show	a	significant	decrease	in	
the	 number	 of	 tropical	 cyclones	 simulated	 in	 a	
Pseudo-Global	Warming	climate.	The	number	of	
tropical	 cyclones	 simulated	 decreased	 by	 40	
percent	 on	 average.	 	 This	 result	 is	 largely	
insensitive	 to	 a	 broad	 range	 of	 physics	
parameterizations,	 although	 there	 are	 some	
differences	 in	 different	 cumulus	
parameterizations.	 	 The	 KF	 and	 NSAS	
parameterizations	 both	 simulated	 a	 49	 and	 45	
percent	 reduction	 respectively,	 while	 the	
Tiedtke	 parameterization	 only	 resulted	 in	 a	 20	
percent	 reduction	 in	 the	 number	 of	 tropical	
cyclones.			

The	difficulty	in	drawing	conclusions	from	the	PGW	simulations	illustrates	the	need	to	account	
for	 internal	variability	by	using	a	 larger	number	of	simulation	years;	however,	the	simulations	
presented	generally	provide	support	for	the	conclusions	regarding	the	decadal	WRF	simulations	
in	 section	 3.	 	 In	 particular,	 the	 PGW	 simulations	 show	 a	 similar	 decrease	 in	 the	 number	 of	
tropical	 cyclones,	 but	 little	 change	 in	 the	 wind	 speeds,	 cyclone	 radii,	 or	 sea	 level	 pressure	
minima	across	a	broad	range	of	physics	combinations.	 	This	 is	noteworthy	because	the	future	
projection	provided	by	these	simulations	uses	a	substantively	different	method,	PGW	instead	of	
direct	dynamical	downscaling.		This	provides	more	confidence	that	there	will	be	a	decrease	in	
the	total	number	of	tropical	cyclones,	though	that	may	be	as	little	as	a	20	percent	decrease,	or	
as	much	as	a	50	percent	decrease.	 	

Parameterization	 Current	 PGW	 Change	

Kain-Fritsch	 185	 95	 -49%	
NSAS	 102	 56	 -45%	
Tiedtke	 114	 91	 -20%	
WSM6	 197	 123	 -38%	
Thompson	 204	 119	 -42%	
CAM	 192	 117	 -39%	
RRTMG	 209	 125	 -40%	
MYJ	 185	 95	 -49%	
YSU	 216	 147	 -32%	

Average	 178	 108	 -39%	

Table	 4-1:	 Number	 of	 tropical	 cyclone	
tracks	 in	 current	 and	 PGW	 climate	 and	
percent	 change	 as	 simulated	 with	 each	
physics	 parameterization	 integrated	
across	all	other	parameterizations.		
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5 High-Resolution Simulations of Named Hurricanes in a 
Current and Future Climate based on a Pseudo Global 
Warming Approach 

5.1 Introduction 

Any	 changes	 in	 hurricane	 frequency	 or	 intensity	 will	 have	 large	 societal	 consequences.		
Hurricanes	are	a	major	cause	of	loss	of	life	and	property	globally,	and	in	the	Gulf	of	Mexico	in	
particular.	Globally,	tropical	cyclones	are	estimated	to	cost	$26	billion	annually	(EMDAT,	2009).		

Because	 of	 the	 major	 effect	 hurricanes	 have	 on	 society,	 much	 effort	 has	 been	 spent	 to	
understand	the	effect	of	climate	change	on	hurricane	genesis	and	intensity.	Numerous	studies	
have	shown	that	hurricanes	are	linked	to	warm	sea	surface	temperatures	(SSTs)	(Hoyos	et	al.,	
2006;	 Emanuel,	 2007),	 and	 there	 is	 a	 strong	 consensus	 that	 SSTs	will	 increase	 as	 a	 result	 of	
climate	change	(IPCC,	2013).		As	a	result,	there	is	reason	to	believe	that	hurricanes	will	become	
stronger	and	cause	more	damage	 in	the	future	(Mann	and	Emanuel,	2006).	 	However,	simple	
statistical	relationships	between	SSTs	and	tropical	cyclone	power	dissipation	suggest	that	a	high	
degree	of	uncertainty	 in	 the	 future	changes;	power	dissipation	may	barely	 increase	or	 it	may	
increase	by	300%	(Knutson	et	al.,	2010).		In	addition,	increases	in	atmospheric	stability	or	wind	
shear	could	cancel	out	the	thermodynamic	effects	 (Frank	and	Ritchie,	2001;	Tang	and	Neelin,	
2004;	Swanson,	2008).		

Changes	in	hurricane	frequency	and	intensity	have	been	predicted	as	a	result	of	global	climate	
changes,	 with	 numerous	 studies	 using	 both	 past	 observations	 (Emanuel,	 2005;	 Mann	 and	
Emanuel,	2006;	Holland	and	Bruyère,	2014;	Kossin	et	al.,	2014),	numerical	 simulations	of	 the	
future	(Oouchi	et	al.,	2006;	Knutson	et	al.,	2008;	Mallard	et	al.,	2013a;	2013b;	Lackmann,	2015)	
and	theoretical	considerations	(Emanuel,	1987;	Holland,	1997).	Most	studies	 indicate	that	the	
number	of	tropical	cyclones	will	stay	the	same,	or	decrease	slightly	 (Mallard	et	al.,	2013b).	 In	
general,	 there	 is	more	 consensus	 that	 increasing	 temperatures	will	 increase	 tropical	 cyclone	
intensity,	particularly	the	more	extreme	hurricanes	(category	3-5	on	the	Saffir	Simpson	scale).	
However,	some	studies	have	suggested	that	we	are	approaching	thermodynamical	 limits,	and	
that	future	increases	may	not	be	very	large	(Holland	and	Bruyère,	2014).			

Previous	work	has	looked	at	thermodynamic	effects	by	applying	mean	changes	in	temperature	
and	humidity	 to	current	weather	sequences.	 	Knutson	et	al.	 (2008)	showed	a	decrease	 in	the	
number	of	hurricanes	using	an	atmospheric	model	with	parameterized	convection	and	applying	
the	 CMIP3	 multi-model	 ensemble	 mean	 change	 in	 atmospheric	 state	 and	 sea	 surface	
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temperature	 (SST).	 While	 Mallard	 et	 al.	 (2013a;	 2013b)	 performed	 convection	 permitting	
simulations	 (6	 km	 grid),	 they	 applied	 only	 horizontally	 constant	 changes	 in	 temperature	 and	
humidity	 to	 simulations	 of	 two	months	 (September	 of	 2005	 and	 2009).	 	 These	 studies	 both	
covered	large	domains,	and	focused	primarily	on	cyclone	genesis.			

Other	 studies	 have	 used	 convection	 permitting	 simulations	 to	 look	 at	 changes	 in	 a	 single	
hurricane.		Lackmann	(2015)	and	Yates	et	al.	(2014)	focused	on	hurricane	Sandy	and	performed	
convection	permitting	simulations	with	the	model	initialized	after	Sandy	had	formed	with	and	
without	 a	 change	 in	 the	mean	 climate	 state.	 	 Thus	 Lackmann	 (2015)	 and	 Yates	 et	 al.	 (2014)	
were	able	 to	 focus	on	 the	 thermodynamic	effects	on	hurricane	Sandy,	without	 complications	
due	to	variability	in	genesis.	Lackman	(2015)	found	decreases	in	the	minimum	central	pressure,	
but	did	not	find	changes	in	winds.		On	the	other	hand,	Yate	et	al.	(2014)	found	increased	winds	
and	a	slightly	more	eastward	track.		

Similarly,	Lynn	et	al.	(2009)	performed	current	and	future	simulations	of	hurricane	Katrina	using	
a	 similar	methodology.	 	 Lynn	et	al.	 (2009)	 found	decreases	 in	 the	minimum	central	pressure,	
but	also	decreases	 in	 the	mean	and	maximum	wind	speeds.	 	Such	a	decrease	 in	wind	speeds	
seems	 counter	 to	 prevailing	 expectations	 (e.g.	 Knutson	 et	 al.,	 2010),	 and	 may	 simply	 be	 a	
statistical	 artifact	 due	 to	 the	 small	 sample	 size,	 a	 single	 hurricane.	 	 It	 is	 possible	 that	 future	
simulations	 of	 this	 particular	 storm	 simply	 shift	 the	 track	 location	 into	 a	 region	 that	 is	 less	
conducive	to	faster	winds,	e.g.	cooler	waters,	or	more	interaction	with	land.	Indeed,	Lynn	at	al.	
(2009)	 point	 out	 that	 the	 track	 does	 shift	 towards	 Florida	 in	 their	 future	 simulations	 of	
hurricane	 Katrina.	 Finally,	 Hill	 and	 Lackmann	 (2011)	 studied	 a	 larger	 ensemble	 of	 idealized	
hurricanes	in	a	warmer	climate.		Their	ensemble	showed	that	there	was	a	consistent	pattern	in	
their	 idealized	simulation	 towards	greater	 intensities	with	 lower	central	pressures	and	higher	
maximum	 winds;	 however,	 individual	 hurricanes	 decreased	 in	 intensity,	 indicating	 the	
importance	of	looking	at	a	larger	sample	size.		Their	study	also	left	out	changes	in	atmospheric	
stability	and	wind	shear,	leaving	open	the	possibility	that	when	a	more	complete	set	of	changes	
are	imposed,	hurricane	strength	could	decrease.		

Our	work	is	the	first	long	duration,	continental	domain	set	of	convection	permitting	simulations	
to	 explore	 the	 thermodynamic	 effects	 of	 changes	 in	 climate	 on	 hurricane	 intensities	 using	 a	
complete	 set	 of	 spatial	 and	 temporally	 variable	 changes	 in	 the	 relevant	 climate	 variables.	 	 A	
novel	aspect	of	 the	present	study	 is	 that	most	of	 the	simulated	hurricanes	enter	 through	the	
boundaries	 instead	 of	 being	 generated	 internally	 or	 being	 provided	 in	 the	 initial	 conditions.		
Because	 of	 this,	 we	 do	 not	 examine	 changes	 in	 the	 genesis	 of	 hurricanes;	 however,	 this	
approach	 has	 the	 substantial	 benefit	 that	 the	 hurricanes	 in	 current	 and	 future	 climate	 are	
initialized	almost	identically	as	part	of	a	single	continuous	model	simulation.		As	a	result,	these	
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simulations	are	not	as	susceptible	 to	the	chaotic	variability	 inherent	 in	hurricane	genesis	 that	
complicates	comparisons	between	current	and	future	climates	in	other	long-term	simulations,	
and	they	are	not	influenced	by	the	initial	conditions	as	shorter	simulations	might	be.			

5.2 Methods 

5.2.1 Overview	

This	work	 uses	 a	 continental	 domain	 convection	permitting	 regional	 climate	model	 to	 assess	
the	thermodynamic	effects	of	climate	change	on	hurricane	intensity	in	the	Gulf	of	Mexico	and	
the	East	coast	of	the	United	States	(Figure	5.1).	

	

Figure	 5.1	High-resolution	 CONUS	model	 domain	 (colored)	 and	 elevation,	 the	 analysis	 sub-
region	is	outlined	in	red.	

	

This	 is	 accomplished	 by	 running	 the	Weather	 Research	 and	 Forecasting	model	 (WRF)	 forced	
with	boundary	conditions	from	ERA-interim	for	the	thirteen-year	period	2001-2013,	and	again	
for	 a	 future	 climate	 after	 perturbing	 the	 same	 boundary	 conditions	with	 the	 climate	 change	
signal	derived	from	the	multi-model	mean	change	signal	from	the	most	recent	Coupled	Model	
Intercomparison	Project	(CMIP5).		The	output	from	these	simulations	is	then	used	as	input	to	a	
hurricane-tracking	 algorithm.	 	 This	 combination	 is	 able	 to	 successfully	 simulate	 and	 track	
hurricanes	from	the	current	climate,	and	these	tracks	are	compared	to	the	observed	Hurricane	
Database	 (HURDAT:	 Reference)	 track	 data	 for	 the	 same	 period.	 	 The	 changes	 in	 these	 same	
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tracks	are	then	assessed	for	statistically	significant	changes	in	the	mean	of	the	maximum	wind	
speeds,	 the	 radius	 of	 33	ms-1	winds,	 the	 translation	 speed	of	 the	 cyclone,	 a	 cyclone	damage	
potential	 index	that	combines	these	three	metrics,	the	central	pressure	deficit,	and	finally	the	
mean	of	the	maximum	precipitation	amounts	associated	with	hurricanes.		

5.2.2 Regional	Climate	Model	

We	use	the	Weather	Research	and	Forecasting	model	(WRF)	version	3.4.1	to	simulate	13	years	
of	current	and	future	climate.		These	simulations	are	described	and	examined	in	greater	detail	
in	 Liu	 et	 al.	 (2016),	 and	 an	 overview	 is	 provided	 here.	 	 The	 simulation	 domain	 covers	 the	
Contiguous	United	States	(CONUS)	and	portions	of	Canada	and	Mexico	(Figure	5.1)	with	a	4	km	
grid.		This	domain	is	5440	km	(east-west)	by	4064	km	(north-south).		The	model	was	set	up	with	
51	vertical	 levels	and	the	model	top	was	set	at	50	hPa.		The	parameterizations	used	were	the	
Thompson	 aerosol-aware	 microphysics	 (Thompson	 and	 Eidhammer,	 2014),	 the	 Yonsei	
Univerisity	 (YSU)	 planetary	 boundary	 layer	 (Hong	 et	 al.,	 2006),	 the	 Rapid	 Radiative	 Transfer	
Model	(RRTMG)	(Iacono	et	al.,	2008),	and	the	Noah-MP	land-surface	model	(Niu	et	al.,	2011).	
Spectral	nudging	was	applied	to	the	lowest	wave	numbers	above	the	boundary	layer.			

The	 current	 climate	 simulations	 were	 performed	 for	 the	 period	 October	 2000	 through	
September	2013	with	 initial	and	boundary	conditions	from	the	ERA-Interim	reanalysis	dataset	
(Dee	et	al.,	2011).	The	ERA-Interim	data	have	a	6-hourly	 time	 interval	and	a	0.7°	 spatial	grid.		
Sea	 surface	 temperatures	 (SSTs)	were	also	 taken	 from	 the	ERA-Interim	dataset	 for	 the	 lower	
boundary	condition	throughout	the	simulation.			

The	 future	 simulations	were	 forced	with	 the	 same	 input	 data	 after	 adding	 a	 climate	 change	
signal	 to	 the	 data	 using	 the	 Pseudo-Global	 Warming	 (PGW)	 method	 (Schär	 et	 al.,	 1996;	
Rasmussen	et	al.,	2011).		In	these	simulations	we	applied	a	PGW	change	for	the	following	input	
variables:	 East-West	 wind	 speed,	 North-South	 wind	 speed,	 vertical	 wind	 speed,	 surface	
pressure,	geopotential	height,	air	temperature,	relative	humidity,	and	sea	surface	temperature.	
We	compute	the	change	signal	over	a	95-year	time	period	using	data	from	RCP	8.5	scenario	for	
19	models	 in	 the	 CMIP5	 archive.	 	 This	 is	 calculated	 by	 averaging	 the	 period	 2070-2099	 and	
subtracting	 from	 it	 the	 average	 over	 the	 period	 1976-2005.	 This	 change	 signal	 is	 calculated	
independently	for	every	variable	at	every	point	in	space,	and	for	every	day	of	the	year	using	a	
30-day	time	window.	For	example,	 the	change	signal	 for	May	1st	of	all	years	 is	computing	by	
averaging	the	change	signal	over	the	period	April	16th	to	May	15th.	The	resulting	change	signal	
has	 a	mean	warming	 signal	 of	 3-6°C	 and	 an	 increase	 in	water	 vapor	mixing	 ratio	 of	 20-40%,	
consistent	with	the	Clausius-Clapeyron	relationship.	For	more	details	see	Liu	et	al.	(2016).		
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Aside	 from	 temperature	 and	 water	 vapor	 changes,	 the	 PGW	 changes	 in	 the	 boundary	

conditions	are	relatively	modest.	The	change	in	SSTs	are	nearly	constant	in	space	and	time	with	

an	increase	of	3.2	K	over	the	analysis	domain	from	June	through	October.		Wind	shear	has	only	

a	 slight	 increase	 over	 the	 southern	 portion	 of	 the	 domain	 that	 is	 stronger	 in	 June	 through	

September	and	weaker	in	October.		Mean	north-south	wind	is	almost	unchanged.		Mean	east-

west	wind	at	sea	level	is	nearly	unchanged	(<1	ms
-1
),	and	east-west	winds	at	200	hPa	increase	

by	1-5	ms
-1
.	The	increase	in	atmospheric	temperature	and	water	vapor	mixing	ratio	are	shown	

in	 Figure	 5.2.	 Up	 to	 200	 hPa,	 the	 temperature	 changes	 range	 from	 4-6	K,	 with	 the	 greatest	

increases	 occurring	 between	 400	 and	 200	 hPa.	 	 The	 enhanced	warming	 at	 higher	 elevations	

increases	 the	 atmospheric	 stability,	 and	 is	 a	 consistent	 characteristic	 across	 climate	 model	

projections	(Hill	and	Lackmann,	2011)	due	to	increased	convective	activity	in	the	tropics	which	

enhances	upper	level	heating	through	latent	heat	releases.		This	is	clearly	an	important	stability	

influence	 in	 future	 simulations	 and	 is	 important	 to	 include.	 Also	 shown	 in	 Figure	 5.2	 is	 the	

change	 in	 relative	 humidity.	 Despite	 substantial	 warming,	 relative	 humidity	 falls	 only	 a	 few	

percent	 -	 moisture	 content	 actually	 increases	 throughout	 the	 column,	 with	 the	 greatest	

increases	 near	 the	 surface.	 This	 increase	 in	 moisture	 provides	 a	 greater	 source	 of	 potential	

energy	for	convective	activity.			

	

Figure	 5.2	 Temperature	 change	 (left	 panel)	 and	 relative	 humidity	 change	 (right	 panel)	 as	 a	
function	 of	 altitude	 over	 the	 Gulf	 of	 Mexico	 subset	 (see	 Figure	 5.1)	 from	 the	 CONUS	
simulation.		Average	profiles	by	month	are	color	coded	using	the	key.		

The	tracking	algorithm	implemented	in	this	study	is	based	on	surface	pressure	and	surface	10	m	

wind	speeds	as	diagnosed	by	WRF.	 	These	 fields	are	available	on	an	hourly	 time	step	 for	 the	

duration	of	the	simulation.		In	addition,	the	resulting	tracks	were	examined	manually	to	confirm	

that	 they	 coincided	 with	 hurricanes	 in	 the	 HURDAT	 database	 and	 that	 hurricanes	 in	 the	

HURDAT	database	were	not	missed	by	the	tracking	algorithm.	In	this	manual	step,	tracks	in	the	
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WRF	simulations	that	were	not	present	in	the	HURDAT	database	typically	formed	overland,	at	
higher	 latitudes,	or	too	early	 in	the	season	to	be	considered	tropical	cyclones,	and	they	were	
removed	from	further	analysis.		

Objective	 tracking	was	performed	using	 thresholds	 for	wind	 speed	and	 surface	pressure.	We	
initiate	tracking	of	a	point	when	the	surface	pressure	falls	27	hPa	below	the	long-term	average	
at	a	given	point,	and	the	maximum	10	m	wind	speed	in	the	surrounding	400	km	x	400	km	box	
exceeds	25	ms-1.		Points	continue	to	be	tracked	from	one	time-step	to	the	next	by	searching	a	
400	km	box	 around	 the	 previous	 point	 for	 the	minimum	pressure.	 	 As	 long	 as	 this	minimum	
surface	pressure	 remains	17	hPa	below	the	 long-term	average	and	 the	maximum	wind	speed	
remains	 above	 15	ms-1,	 the	 point	 is	 recorded	 and	 tracking	 continues.	 Two	points	 in	 time	 are	
considered	to	be	part	of	the	same	track	if	they	fall	within	400	km	of	each	other.	Manual	analysis	
confirmed	that	vorticity	and	temperature	were	not	required	to	adequately	track	the	storms	in	
these	 simulations,	 though	 using	 temperature	may	 have	 allowed	 some	 tracks	 to	 be	 excluded	
automatically.		

For	each	point	 along	 the	 track	 storm	statistics	 are	 calculated	using	data	 from	 the	400	km	by	
400	km	 region	 surrounding	 the	 point	 of	minimum	 pressure.	 	 The	maximum	wind	 speed	 and	
precipitation	 rates	 are	 simply	 the	 maximum	 values	 in	 the	 400	km	 by	 400	km	 region.	 	 The	
minimum	pressure	 is	 the	minimum	pressure	 in	 the	 region,	 by	definition	 at	 the	 center	 of	 the	
region.	The	translation	speed	is	calculated	from	the	distance	between	the	current	track	center	
and	the	previous	track	center	divided	by	the	time	step	(3600	s).		The	radius	of	33	ms-1	winds	is	
computing	 from	 the	 eastern	most	 and	western	most	 grid	 cells	 that	 exceed	 33	ms-1	 winds	 in	
every	row	of	model	grid	cells	in	the	region.		The	distance	between	each	of	these	points	and	the	
track	center	 is	 then	computed,	and	the	radius	 is	determined	as	the	average	distance	to	all	of	
these	points.		Finally,	the	cyclone	damage	potential	is	computed	following	Holland	et	al.	(2016).			
This	 relationship	 has	 been	 developed	 based	 on	 historical	 storm	 damage	 costs	 to	 relate	
maximum	winds	(vm),	radius	of	hurricane	force	winds	(Rh),	and	the	storm	translation	speed	(vt)	
to	damage	potential	as	follows	(in	SI	units).		

	

!"# =  7.4 ∗  
!!
33

!
+  !!

18.5
!!
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5.3 Results 

The	WRF	simulations	were	able	to	produce	similar	hurricane	tracks	for	30	of	32	hurricanes	 in	
the	HURDAT	database	whose	 track	centers	 reached	400km	 in	 from	the	edges	of	 the	domain.		
We	do	not	evaluate	other	tracks	because	the	model	does	not	have	enough	space	to	adequately	
simulate	 the	 storm	without	 interference	 from	 the	 relatively	 coarse	 boundary	 conditions.	 	 Of	
these	30	tracks,	one	was	only	present	in	the	PGW	simulation	(Gaston	in	2004)	and	one	was	only	
present	in	the	current	climate	simulation	(Claudette	in	2003).	 	The	two	tracks	missing	entirely	
were	Hurricane	Charley	 in	2004,	and	Hurricane	Erika	 in	2003.	 	From	the	 remaining	28	 tracks,	
three	had	 relatively	 large	 changes	 in	 the	 track	 location	between	 the	 current	 climate	 and	 the	
PGW	 simulation,	 two	 were	 not	 similar	 to	 the	 HURDAT	 track,	 and	 one	 was	 too	 close	 to	 the	
eastern	boundary.	The	remaining	22	tracks	are	shown	in	Figure	5.3.		

	

Figure	 5.3:	 Tracks	 of	 named	hurricanes	 from	 the	HURDAT	database	 compared	 to	 the	 same	
track	from	the	WRF	CONUS	simulation	driven	by	reanalysis	
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The	best	 tracks	are	 shown	 in	 current	 climate	alongside	 the	HURDAT	 track	 in	 Figure	5.3.	 	 The	
maps	illustrate	that	WRF	was	able	to	simulate	these	tracks	accurately	in	current	climate.	 	The	
biggest	differences	between	the	WRF	and	HURDAT	tracks	are	seen	at	either	end	of	the	tracks.		
Frequently	the	WRF	tracks	do	not	start	until	further	into	the	domain	than	the	HURDAT	tracks,	
or	 they	 stop	 before	 the	 HURDAT	 track	 stops.	 	 These	 could	 simply	 be	 due	 to	 the	 thresholds	
applied	in	the	tracking	algorithm,	as	the	HURDAT	tracks	include	periods	when	the	storm	is	only	
a	tropical	storm	or	depression,	while	the	WRF	tracks	were	limited	to	stronger	tropical	cyclones.		
However,	 the	 boundary	 conditions	 do	 not	 include	 hurricane	 force	 winds,	 as	 such,	 the	WRF	
simulation	needs	some	time	for	its	internally	generated	circulation	to	reach	full	strength.			

In	addition	to	the	strong	match	of	track	locations,	WRF	is	able	to	reliably	simulate	the	radius	of	
hurricane	 force	winds,	 though	 it	produces	 slightly	 lower	 intensities	 (higher	 central	pressures)	
and	WRF	does	not	simulate	the	most	intense	winds	seen	in	the	HURDAT	database	(Figure	5.4).			

The	statistical	distributions	of	radii,	pressures,	and	maximum	wind	speeds	in	both	the	HURDAT	
and	 WRF	 tracks	 are	 shown	 in	 Figure	 5.4.	 	 While	 the	 wind	 speed	 distributions	 in	 WRF	 and	
HURDAT	 overlap	 considerably,	 the	WRF	 current	 climate	 simulations	 have	 fewer	 points	 with	
wind	speeds	greater	than	45	ms-1,	and	do	not	produce	any	wind	speeds	greater	than	55	ms-1.	
Regional	climate	models	are	typically	not	able	to	simulate	the	highest	wind	speeds	because	the	
grid	spacing	does	not	permit	them	to	resolve	the	most	extreme	motions.		While	this	problem	is	
substantially	 reduced	 in	 convection	 permitting	 grid	 spacings,	 it	 has	 been	 shown	 that	 even	
simulations	 on	 a	 2	 km	 grid	 do	 not	 quite	 match	 the	 strength	 of	 observations	 for	 the	 most	
extreme	convective	events	(Lind	et	al.,	2016),	with	coarser	resolutions	being	weaker.		
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Figure	 5.4:	 Comparison	 of	 a)	 central	
pressure,	 b)	 maximum	 wind	 speed,	 and	 c)	
hurricane	radius	at	33	ms-1	wind	speed,	from	
the	 28	 named	 hurricanes	 in	 the	 current	
climate	CONUS	simulation	and	the	HURDAT	
hurricane	database.	
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Figure	 5.5	 Tracks	 of	 named	 hurricanes	 from	 the	 WRF	 CONUS	 current	 climate	 simulation	
compared	to	the	track	from	the	future	simulation.		

	

Importantly,	the	current	and	PGW	track	locations	are	very	similar	(Figure	5.5).		The	two	tracks	
in	which	the	 future	WRF	simulation	differed	 from	the	current	simulation	were	removed	from	
analysis	because	we	did	not	want	variations	in	track	location	to	affect	the	results.		For	example,	
if	 future	 tracks	 happened	 to	 be	 closer	 or	 further	 from	 land	 the	 change	 in	 drag	 and	 latent	
heating	 might	 change	 the	 cyclone	 intensity	 independent	 of	 the	 thermodynamically	 driven	
changes.			
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Table	 5-1	 Wind	 speed,	 33	 ms-1	 wind	 radius,	 translation	 speed,	 CDP,	 Central	 pressure	 and	
rainfall	 rate	 from	22	 named	 storms	 for	 both	 current	 and	 future	 (PGW)	 CONUS	 simulations	
significant	differences	are	noted	for	p<0.05	(*)	and	p<0.01	(**).		

Name	 Period	
Wind	
Speed	
[ms-1]	

33ms-1	
Wind	
Radius	
[km]	

Trans-
lation	
Speed	
[ms-1]	

CDP	
Central	
Pressure	
[hPa]	

Rainfall
Rate	

[mm/h]	

Gustav	(‘02)	 Current	 25	 56	 7.8	 2.4	 975	 90	

	 PGW	 30*	 79	 8.3	 3.5	 970*	 123**	

Isidore	 Current	 24	 42	 5.2	 3.6	 980	 95	

	 PGW	 26**	 84**	 6.4	 4.2	 975**	 101	

Lili	 Current	 26	 65	 8.1	 1.6	 978	 62	

	 PGW	 25	 67	 9.0	 2.0	 976	 69*	

Isabel	 Current	 32	 140	 7.5	 6.5	 963	 81	

	 PGW	 34	 135	 6.8	 6.7	 958*	 97**	

Frances	 Current	 34	 127	 5.9	 6.5	 966	 81	

	 PGW	 33	 121	 5.7	 6.3	 966	 95**	

Ivan	 Current	 36	 147	 6.8	 8.1	 963	 91	

	 PGW	 36	 137	 6.4	 7.7	 962	 121**	

Jeanne	 Current	 29	 80	 8.8	 3.5	 972	 76	

	 PGW	 31	 86	 7.1*	 4.9*	 968*	 92**	

Dennis	 Current	 33	 106	 7.1	 5.4	 967	 83	

	 PGW	 32	 94*	 7.7	 4.9	 972*	 116**	

Emily	 Current	 34	 78	 6.1	 4.2	 969	 74	

	 PGW	 36	 77	 6.0	 4.5	 967	 111**	
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Name	 Period	
Wind	
Speed	
[ms-1]	

33ms-1	
Wind	
Radius	
[km]	

Trans-
lation	
Speed	
[ms-1]	

CDP	
Central	
Pressure	
[hPa]	

Rainfall
Rate	

[mm/h]	

Ophelia	 Current	 38	 88	 5.9	 5.2	 968	 64	

	 PGW	 42**	 83*	 3.3**	 6.3**	 957**	 88**	

Rita	 Current	 36	 106	 5.6	 6.2	 964	 98	

	 PGW	 35	 88**	 5.7	 5.1**	 967	 124**	

Wilma	 Current	 26	 88	 7.2	 3.9	 976	 94	

	 PGW	 30**	 93	 6.3	 7.1**	 967**	 112**	

Ernesto	 Current	 28	 38	 6.9	 1.3	 980	 84	

	 PGW	 25*	 49	 6.2	 2.2*	 983*	 105**	

Dolly	 Current	 32	 50	 4.7	 3.1	 964	 90	

	 PGW	 35*	 64**	 4.5	 3.9	 955**	 100*	

Gustav	(‘08)	 Current	 30	 122	 6.9	 5.3	 961	 83	

	 PGW	 29	 117	 6.3	 5.3	 963	 104**	

Hanna	 Current	 26	 71	 8.4	 1.5	 975	 80	

	 PGW	 28	 61	 8.4	 2.6**	 973	 106**	

Ike	 Current	 37	 129	 8.1	 6.4	 953	 92	

	 PGW	 42**	 140	 6.7**	 7.2	 941**	 123**	

Alex	 Current	 27	 71	 7.4	 1.6	 977	 101	

	 PGW	 28	 88	 7.2	 4.1**	 977	 129**	

Earl	 Current	 35	 136	 10	 6.0	 963	 86	

	 PGW	 42**	 151*	 10	 7.7**	 954**	 104**	
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Name	 Period	
Wind	
Speed	
[ms-1]	

33ms-1	
Wind	
Radius	
[km]	

Trans-
lation	
Speed	
[ms-1]	

CDP	
Central	
Pressure	
[hPa]	

Rainfall
Rate	

[mm/h]	

Irene	 Current	 40	 155	 7.9	 7.6	 948	 73	

	 PGW	 44**	 161	 7.4	 8.3*	 937**	 88**	

Isaac	 Current	 29	 57	 5.5	 3.1	 974	 78	

	 PGW	 32**	 82**	 5.8	 4.7**	 965**	 100**	

Sandy	 Current	 32	 129	 7.8	 5.9	 956	 73	

	 PGW	 33	 126	 7.7	 6.1	 953*	 94**	

Combined	 Current	 32	 104	 7	 5.2	 966	 83	

	 PGW	 34**	 105	 6.5**	 5.9**	 962**	 103**	

	

Statistics	for	all	tracks’	wind	speed,	radius,	translation	speed,	cyclone	damage	potential,	central	
pressure,	and	rainfall	rate	are	presented	in	Table	5-1.		The	maximum	wind	speeds	increased	in	
15	of	the	22	tracks,	and	based	on	a	Student’s	t-test	 for	 independent	samples,	 increases	were	
statistically	significant	(p<0.05)	in	nine	of	the	tracks	(Figure	5.6).		A	decrease	in	maximum	wind	
speed	 was	 only	 statistically	 significant	 in	 one	 track,	 and	 the	 combined	 points	 from	 all	 track	
shows	a	statistically	significant	increase	(p<0.01)	from	32	ms-1	to	34	ms-1.		
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In	 contrast,	 the	 mean	 radius	 did	 not	
significantly	 change	 overall	 (Table	 5-1).	
Individual	 storms	 had	 statistically	
significant	 increases	 (four	 storms)	 and	
decreases	 (two	 storms)	 in	 radii.	 This	
could	 mean	 that	 certain	 types	 and	
locations	 of	 storms	 will	 increase	 or	
decrease	their	radii;	however,	given	the	
number	 of	 degrees	 of	 freedom	 in	 such	
an	assessment	the	present	data	are	not	
sufficient	to	explore	this	possibility.			

The	translation	speed	of	the	tracks	had	
a	 statistically	 significant	 decrease	
(p<0.01)	across	all	tracks	from	7	ms-1	to	
6.4	ms-1	(Table	5-1).	Of	the	22	individual	
tracks,	 14	 had	 decreases	 in	 translation	
speed,	though	only	three	of	those	were	
statistically	significant	(Figure	5.7).			

The	 combined	 effect	 of	 the	 three	
variables	 is	 represented	 in	 the	 cyclone	
damage	 potential	 (CDP)	 index,	 which	
had	 a	 statistically	 significant	 increase	
(p<0.01)	 from	 5.3	 to	 5.9	 (Table	 4-1).		
CDP	 increased	 in	 17	 of	 the	 individual	
tracks,	and	this	increase	was	statistically	
significant	 in	 six	 of	 those	 tracks	
(p<0.01).	 	 CDP	decreased	 in	 five	 tracks,	
though	 none	 of	 these	were	 statistically	
significant.			

The	 intensity	 of	 the	 cyclones	 is	 often	
measured	by	the	strength	of	the	central	
pressure	 deficit	 and	 in	 these	
simulations,	 averaged	 across	 all	 tracks,	
the	 central	 pressure	 decreased	 from	
966	hPa	to	962	hPa	(p<0.01).		Decreases	

Figure	5.6:	Maximum	wind	speed	of	the	22	named	
hurricanes	 from	 current	 and	 future	 climate	
(PGW).	

	

	

Figure	5.7:	Radius	 of	 33	ms-1	 from	 the	 22	 named	
hurricanes	 from	 current	 and	 future	 climate	
(PGW).	
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occurred	 in	 16	 of	 the	 tracks,	 with	
statistical	 significance	 (p<0.05)	 in	 12	 of	
those	 tracks.	 Statistically	 significant	
increases	 (p<0.05)	only	occurred	 in	 two	
tracks.		

The	 average	 maximum	 rainfall	 rate	
increased	 when	 averaged	 across	 all	
tracks	 from	 83	mm/h	 to	 103	mm/h	
(p<0.01).	The	average	maximum	rainfall	
rate	 increased	 in	 all	 tracks,	 and	 was	
statistically	 significant	 for	 all	 but	 one	
track	(p<0.05),	with	all	but	two	of	those	
being	 significant	 with	 p<0.01	 (Figure	
5.10).		

	

For	wind	 speed,	CDP,	 and	precipitation,	 arguably	 the	most	 important	 changes	are	 those	 that	
occur	at	the	highest	end	of	the	scale.		These	changes	are	illustrated	in	the	statistical	distribution	
of	 these	 values	 in	 Figure	 5.6,	 Figure	 5.7,	 Figure	 5.8,	 and	 Figure	 5.10.	 The	 most	 significant	

increases	 occurred	 at	 the	 highest	 wind	
speeds,	 with	 decreases	 in	 relative	
occurrence	 frequency	 between	 25	 and	
45	 ms-1,	 and	 substantial	 increases	 in	
frequency	 for	wind	 speeds	 between	45	
and	 65	ms-1	 (Figure	 5.6).	 To	 specifically	
isolate	 cyclones	 that	 would	 be	
considered	 category	 three	 and	 above	
hurricanes,	we	compare	the	occurrence	
frequency	of	winds	above	and	below	50	
ms-1.	 	 There	 is	 a	 substantial	 increase	 in	
the	 frequency	 of	 occurrence	 of	 winds	
greater	 than	 50	 ms-1	 from	 2%	 of	 all	
points	in	current	climate	to	9%	of	points	
in	 future	 climate.	 Similarly,	 CDP	
increases	 in	 frequency	 for	 most	 bins	
with	 a	 CDP	 greater	 than	 five,	 and	

Figure	 5.8:	 Translation	 speed	 of	 the	 22	 named	
hurricanes	 from	 current	 and	 future	 climate	
(PGW).	

Figure	 5.9:	 Cyclone	 Damage	 Potential	 of	 the	 22	
named	hurricanes	from	current	and	future	climate	
(PGW).	
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decreases	 in	 frequency	 for	 all	 most	 bins	
less	 than	 five	 (Figure	 5.9).	 As	 with	 wind	
speeds,	 the	 greatest	 changes	 are	 in	 the	
most	 extreme	 (CDP	 >	 9.5)	 bin,	 which	
increases	in	relative	frequency	from	0.1	to	
0.26.	 Finally,	 precipitation	 also	 shows	 a	
large	 increase	 in	 the	 frequency	 of	 the	
most	 intense	 precipitation	 events	 (Figure	
5.10).		For	all	bins	with	precipitation	rates	
greater	 than	90	mm/h,	 there	was	a	 large	
increase	 in	 the	 occurrence	 frequency,	
with	 the	 probability	 of	 occurrence	
doubling	or	tripling	in	some	bins.		

	

	

5.4 Discussion 

The	 results	 presented	 in	 this	 study	 are	 consistent	 with	 prior	 studies	 which	 suggest	 that	 the	
mean	hurricane	intensity	may	not	increase	much,	but	the	most	damaging,	category	three,	four,	
and	five,	hurricanes	may	become	a	larger	fraction	of	the	number	of	storms.		The	mean	intensity	
and	 wind	 speeds	 showed	 only	 modest	 increases	 in	 our	 study,	 while	 more	 extreme	 winds	
became	 much	 more	 common,	 and	 their	 associated	 potential	 damage	 increased	 noticeably.	
While	 increases	 in	precipitation	were	more	 consistent,	 the	 largest	 increases	occurred	 for	 the	
most	extreme	precipitation	rates.			

Because	 this	 study	 used	 the	 PGW	 approach	 to	 assess	 the	 thermodynamic	 effects	 of	 climate	
change,	 it	 is	 difficult	 to	make	 any	 inferences	 about	 the	possible	 changes	 in	 the	 frequency	of	
hurricanes	 in	the	future.	The	current	and	PGW	simulations	here	both	failed	to	simulate	three	
observed	storms	strongly	enough	to	be	tracked.	Their	absence	is	likely	not	related	to	a	lack	of	
hurricane	 genesis,	 but	 rather	 to	 minor	 perturbations	 causing	 a	 simulation	 to	 not	 reach	 the	
threshold	necessary	to	be	tracked.		In	one	case,	Hurricane	Erika	formed	inside	the	domain,	but	
was	only	a	tropical	cyclone	within	the	region	according	to	HURDAT,	as	such	the	WRF	simulation	
may	not	be	expected	to	create	a	strong	enough	storm	to	track	with	the	25	ms-1	maximum	wind	
threshold	used	here.	 	Hurricane	Gaston	also	formed	within	the	domain,	but	failed	to	do	so	 in	
the	current	climate	simulation.		However,	Gaston	was	only	a	category	1	hurricane,	and	only	for	

Figure	 5.10:	 Maximum	 rainfall	 rate	 from	 the	 22	
named	 hurricanes	 for	 current	 and	 future	 climate	
(PGW).	
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a	single	data	point	in	the	HURDAT	database.	As	such,	random	variability	could	again	be	enough	
to	prevent	it	growing	strong	enough	to	track	in	the	current	climate	simulation.	There	was	one	
major	hurricane	absent	 from	the	simulations	and	will	be	discussed	 further	below.	Because	of	
the	 potential	 subjectivity	 surrounding	 which	 storms	 to	 include,	 we	 repeated	 the	 summary	
statistical	 calculations	 in	Table	4-1	 including	points	 from	the	28	 storms	 that	occurred	 in	both	
WRF	 simulations.	 When	 including	 all	 storms	 the	 absolute	 value	 of	 the	 numbers	 changed	
slightly,	 but	 the	 relative	magnitude	 of	 the	 changes	 and	 the	 statistical	 significance	 stayed	 the	
same.			

This	study	has	shown	the	utility	of	permitting	the	hurricanes	to	enter	through	the	boundaries	of	
the	domain.		It	is	important	to	note	that	only	two	HURDAT	tracks	that	crossed	the	WRF	domain	
boundary	were	not	simulated	in	one	or	both	of	our	tests.		Hurricane	Claudette	was	simulated	in	
the	current	climate,	but	not	the	PGW	case.		Claudette	remained	a	tropical	storm	in	the	HURDAT	
database	within	this	region,	and	it	is	likely	that	it	was	simulated	in	the	PGW	case,	it	simply	did	
not	grow	strong	enough	to	track.	In	contrast,	Hurricane	Charley	was	a	category	4	hurricane	that	
was	 hurricane	 force	 when	 it	 crossed	 over	 the	 WRF	 domain	 boundary;	 however,	 it	 was	 not	
simulated	 in	 either	 the	 current	 or	 the	 PGW	 climate	 simulations.	 	 Charley	 was	 the	 second	
costliest	hurricane	on	record	at	the	time,	and	it	remains	the	8th	costliest	(Blake	et	al.,	2011).		As	
such,	understanding	why	this	was	not	simulated	is	 important	to	understand	the	limitations	of	
the	method.		

The	problems	in	simulating	Charley	appear	to	come	from	the	combination	of	hurricane	features	
and	the	ERA-Interim	forcing	data	themselves.		Charley	was	a	relatively	fast	moving	hurricane	(8	
ms-1)	with	a	narrow	radius	of	hurricane	 force	winds	 (35	km)	when	 it	 crossed	 the	WRF	model	
boundary	 according	 to	 the	 HURDAT	 database.	 This	means	 that	 the	model	 boundary	will	 not	
have	a	long	period	of	time,	or	a	large	area	strongly	influenced	by	Charley.		This	is	compounded	
by	a	weak	storm	representation	in	the	ERA-Interim	dataset,	due	in	part	to	the	grid	spacing	of	
the	 dataset	 (0.7°).	 	 In	 ERA-Interim,	 Charley	 is	 particularly	 weak	 when	 it	 crosses	 the	 WRF	
boundary.	 	 Wind	 speeds	 in	 ERA-Interim	 do	 not	 exceed	 10	 ms-1,	 and	 the	 central	 pressure	 is	
greater	 than	 1010	hPa	 until	 after	 Charley	 crosses	 the	 boundary.	 	 As	 a	 result,	 the	 boundary	
conditions	do	not	strongly	force	the	presence	of	a	hurricane,	and	no	such	storm	appears	in	the	
WRF	 simulation.	 	 This	 is	 a	 limitation	 of	 the	methodology	 used,	 but	 it	 is	 not	 a	 problem	 that	
would	 affect	 the	 climate	 change	 signal	 of	 other	 storms,	 as	 such,	we	 do	 not	 consider	 this	 to	
weaken	the	results	of	this	study.		

One	of	the	more	important	results	of	this	study	is	the	drastic	difference	seen	between	different	
storms.		Many	past	studies	have	focused	on	a	single	storm;	however,	in	this	study	we	show	that	
any	individual	storm	may	increase	or	decrease	in	strength	even	if	the	average	over	all	storms	is	
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a	statistically	significant	increase.		This	may	be	mitigated	somewhat	by	past	studies	frequently	
using	multiple	ensemble	members	to	quantify	some	of	that	uncertainty,	but	it	 is	possible	that	
specific	storms	may	have	characteristics	that	lead	to	an	increase	or	decrease	in	strength	in	the	
future,	 regardless	of	how	many	simulations	are	performed.	 	This	would	be	particularly	 true	 if	
the	 large	scale	change	tended	to	push	the	 future	track	 into	a	region	that	 is	 less	conducive	to	
strong	 storms,	 e.g.	with	more	 land	or	 cooler	 SSTs.	 	 This	 could	 explain	 the	 decreases	 in	wind	
speeds	 found	 for	Hurricane	Katrina	by	 Lynn	et	 al.	 (2009).	 	 In	 our	 study,	we	excluded	Katrina	
because	it	was	one	of	two	hurricanes	that	were	not	deemed	to	be	well	simulated;	however,	we	
did	 find	 decreases	 in	 wind	 speeds,	 though	 these	 decreases	 were	 not	 statistically	 significant.		
Similarly,	Lackmann	(2015)	reported	decreases	in	the	central	pressure	for	Hurricane	Sandy,	with	
no	reported	change	in	winds.		In	the	present	study,	we	also	found	decreases	in	central	pressure	
for	Sandy,	but	only	a	small	increase	in	wind	speeds	that	was	not	statistically	significant.		

5.5 Conclusions 

Long-term	 convection	 permitting	 simulations	 of	 hurricanes	 offer	 an	 important	 approach	 for	
climate	 change	 studies.	 	 High-resolution	 makes	 it	 possible	 to	 turn	 off	 the	 convective	
parameterizations	 in	 these	models	 and	 simulate	 the	 relevant	 dynamics	 explicitly,	 removing	 a	
large	 source	 of	 uncertainty	 in	 many	 model	 simulations	 (see	 section	 3).	 	 Although,	 the	
computational	 cost	 of	 such	models	 currently	 imposes	 limits	 on	 their	 use,	 future	 advances	 in	
computing	capacity	will	likely	enable	large	ensembles	and	longer	duration	simulations.			

We	have	presented	hurricane	tracks	from	two	13-year	WRF	simulations	performed	on	a	4	km,	
convection	 permitting	 grid.	 	 We	 have	 shown	 that	 such	 a	 convection	 permitting	 simulation,	
driven	by	reanalysis	data,	 is	able	to	realistically	represent	most	of	the	major	hurricanes	in	the	
current	 climate	 when	 allowing	 the	 hurricanes	 to	 enter	 the	 domain	 through	 the	 boundaries.		
Past	 studies	 have	 typically	 been	 limited	 to	 studying	 one	 or	 a	 few	 hurricanes	 due	 to	
computational	 costs,	 and	 thus	 they	 have	 positioned	 the	 domain	 optimally	 to	 simulate	 each	
individual	event	and	have	initialized	the	model	with	the	storm	already	formed.		Here	we	show	
the	utility	of	a	single	high-resolution	large	domain	for	hurricane	studies.		

The	thermodynamic	effects	of	climate	change	on	a	13-year	record	of	hurricanes	were	simulated	
using	a	pseudo-global	warming	methodology.	 	This	approach	showed	a	statistically	significant	
increase	 in	 the	 mean	 of	 the	 maximum	 winds,	 damage	 potential	 index,	 and	 associated	
precipitation,	 and	 a	 statistically	 significant	 decrease	 in	 the	 storm	 translation	 speeds,	 and	 the	
minimum	 central	 pressures.	 Importantly,	 these	 simulations	 had	 a	 large	 increase	 in	 the	
frequency	 of	 occurrence	 of	 wind	 speeds	 over	 50	 ms-1.	 This	 indicates	 that	 the	 frequency	 of	
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category	 3,	 4,	 and	 5	 hurricanes	 will	 increase	 relative	 to	 the	 frequency	 of	 category	 1	 and	 2	

hurricanes	if	the	same	number	and	type	of	storms	are	initiated	in	the	future.		

The	results	of	this	study	are	consistent	with	the	idealized	findings	of	Hill	and	Lackmann	(2011),	

which	suggested	increases	in	the	most	intense	hurricanes	using	a	similar	PGW	approach.	 	The	

current	study	shows	that	these	findings	hold	for	real	simulations,	not	just	idealized	hurricanes.		

This	 study	 also	 shows	 that	 the	 increases	 in	water	 vapor	 and	 thus	 latent	 heat	 feedbacks	may	

dominate	over	the	increases	in	stability	as	put	forward	by	Hill	and	Lackmann	(2011).			

These	simulations	showed	significant	increases	in	maximum	rainfall	rates.		Rainfall	rates	are	the	

only	statistic	that	showed	increases	across	all	storms	and	statistical	significance	in	the	change	

signal	 for	 all	 but	 one	 storm.	 	 This	 increase	 is	 consistent	 with	 the	 increase	 in	 water	 vapor	

predicted	by	the	Clausius-Clapeyron	equation,	indicating	that	future	hurricanes	are	efficient	in	

their	 conversion	 of	 increases	 in	 water	 vapor	 to	 precipitation.	 	 This	 indicates	 that	 the	 20%	

increase	 in	maximum	 rainfall	 rates	 is	 a	 reliable	 change	 as	 predicted	 by	 the	 19	 CMIP5	model	

mean	change	in	climate	used	in	these	simulations.		
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6 Synthesis of Results 

Two	 independent	 approaches	 to	 estimate	 the	 change	 in	 hurricane	 characteristics	 in	 a	 future	

climate	 were	 presented	 in	 this	 study.	 The	 Climate	 Ensemble	 approach	 is	 well	 suited	 to	

estimating	the	change	in	hurricane	frequency,	while	the	high-resolution	CONUS	PGW	approach	

is	well	suited	to	estimate	the	change	in	hurricane	intensity.			

The	 combination	 of	 both	 results	 provides	 a	 robust	 result	 regarding	 frequency	 and	 intensity	

changes	 of	 hurricanes	 in	 the	 Gulf	 of	 Mexico	 in	 a	 future	 climate.	 	 The	 Climate	 Ensemble	

approach	 indicates	 fewer	 hurricanes	 on	 the	 order	 of	 30%	 (2	 storms	 per	 year)	 for	 the	 entire	

North	Atlantic	and	35%	(1	storm	per	year)	 for	the	Gulf	of	Mexico.	Using	 limited	duration,	but	

larger	ensemble	of	36	km	simulations	in	a	PGW	future	climate	provide	a	result	that	is	consistent	

with	the	Climate	Ensemble	simulations	(decrease	in	frequency,	no	change	in	intensity.)		A	slight	

reduction	in	the	proportion	of	hurricanes	entering	the	Gulf	is	therefore	predicted.		

The	 PGW	 high-resolution	 approach	 indicates	 that	 the	 hurricanes	 with	 the	 largest	 Cyclone	

Damage	 Potential	 (>	 5)	 will	 become	more	 damaging	 while	 hurricanes	 with	 Cyclone	 Damage	

Potential	(<	5)	will	become	less	damaging.		The	increases	in	the	largest	CDP	are	driven	primarily	

by	the	increased	maximum	winds	for	the	strongest	storms	-	there	is	very	little	change	in	storm	

speed	or	 size.	 The	Climate	 Ensemble	 approach	 agrees	on	 little	 change	 to	hurricane	 speed	or	

size,	but	shows	no	significant	change	to	hurricane	intensity.	This	lack	of	intensity	change	in	the	

Climate	Ensemble	simulations	could	be	associated	with	the	inability	of	the	Climate	Ensemble	to	

capture	the	full	intensity	distribution,	or	a	result	of	insufficient	sampling.		

The	 frequency	 change	 obtained	 through	 the	 Climate	 Ensemble	 and	 the	 significant	 intensity	

change	 through	 the	 high-resolution	 CONUS	 demonstrates	 the	 value	 of	 combining	 two	

independent	modeling	approaches.	
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7 Conclusions 

A	 state	 of	 the	 art	 modeling	 study	 was	 undertaken	 by	 the	 National	 Center	 for	 Atmospheric	
Research	 (NCAR)	 to	 estimate	 the	 most	 likely	 impacts	 of	 climate	 change	 on	 Gulf	 of	 Mexico	
hurricane	intensity	and	frequency.		The	modeling	study	entailed	the	use	of	two	state	of	the	art	
sets	of	future	climate	change	simulations.		The	first	simulation	was	conducted	using	a	Climate	
Ensemble	approach	over	a	 large	domain	and	at	 relatively	high	 resolution	compared	 to	global	
climate	models,	 and	 the	 second	 simulation	was	 conducted	at	 a	higher	 resolution,	 but	over	 a	
more	 limited	 domain,	 covering	 a	 smaller	 sub-set	 of	 North	 America	 with	 a	 4-km	 horizontal	
resolution.		Both	simulations	are	based	on	the	Weather	Research	and	Forecasting	(WRF)	model.		
The	 first	 simulation	 addresses	 frequency	 changes	 of	 hurricanes,	 and	 to	 a	 lesser	 extent	 the	
change	 in	 intensity	 (due	 to	 its	 coarser	 resolution	 36	 km	 horizontal	 grid	 spacing),	 while	 the	
second,	higher	 resolution	 simulation	addressed	 changes	 in	 intensity	of	 hurricanes	 in	 a	 future	
climate.	 A	 unique	 aspect	 of	 the	 first	 simulation	 is	 the	 extensive	 use	 of	 multiple	 physics	
ensembles	to	account	for	the	uncertainty	of	future	climate	projections,	and	a	unique	aspect	of	
the	 second	 simulation	 is	 that	 28	named	hurricanes	 are	 simulated	 in	 both	 current	 and	 future	
climates.	 The	 Pseudo	Global	Warming	 (PGW)	 technique	 for	 climate	 change	 used	 in	 the	 later	
approach	 imposes	 thermodynamic	 changes	 associated	with	 climate	 change	 on	 a	 current	 day	
high	resolution	hurricane	simulation	including	sea	surface	temperature	changes.			

The	 initial	 concern	 regarding	 future	 hurricanes	 was	 that	 the	 predicted	 warmer	 and	 moister	
environment	would	fuel	the	formation	of	significantly	strong	hurricanes.		While	we	found	that	
the	 largest	 storms	 intensified	 based	 on	 our	 named	 hurricane	 approach	 from	 the	 4	 km	 high	
resolution	simulations,	the	 level	of	 intensification	was	not	as	great	as	 initially	anticipated.	We	
hypothesize	 that	 the	 stronger	 upper	 level	 stability	 in	 the	 future	 climate	 due	 to	 convective	
heating	in	the	tropic	is	limiting	the	intensification	as	put	forward	by	Hill	and	Lackmann	(2011).	
He	 and	 others	 have	 shown	 that	 the	 lapse	 rate	 stabilization	 due	 to	 convective	 heating	 can	
reduce	the	intensification	of	hurricanes	by	up	to	50%.		The	other	possible	limiting	factor	is	the	
due	to	reaching	the	limits	of	the	efficiency	of	the	hurricane	heat	engine	(Holland	1997).			

The	 combination	 of	 the	 two	 independent	 approaches	 provides	 a	 robust	 and	 comprehensive	
view	of	the	likely	future	changes	to	hurricanes	in	the	Gulf	of	Mexico.			

The	combined	results	of	these	two	simulations	show:		

• A	tendency	towards	fewer	hurricanes	in	the	Gulf	of	Mexico	and	a	slight	reduction	in	the	
proportion	of	Atlantic	hurricanes	entering	the	Gulf.	
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• An	increased	proportion	of	category	3,	4,	and	5	storms	in	the	Gulf	of	Mexico.	

• Increased	precipitation	for	all	cyclones	in	the	Gulf	of	Mexico	(on	the	order	of	30-40%).		

• The	characteristics	of	hurricanes	in	the	Gulf	of	Mexico	in	the	future	are	projected	to	be	

similar	in	size	and	track	speed	to	current	hurricanes.	

• These	 simulations	 predict	 a	 ~10%	 increase	 in	 cyclone	 damage	 potential	 for	 the	most	

intense	hurricanes.	

	

Finally,	it	is	important	to	note	that	the	results	on	changes	in	wind	speed	and	precipitation	are	

for	28	named	hurricanes	subject	to	the	thermodynamics	of	a	future	climate.	While	most	of	the	

storms	exhibited	 the	behavior	 indicated,	 a	 few	of	 them	had	 reduced	winds	and	precipitation	

based	on	the	exact	trajectory	and	SST	they	passed	over.		

The	prediction	for	fewer	but	more	damaging	hurricanes	suggests	the	potential	 for	substantial	

impacts	on	infrastructure	and	operations	in	the	Gulf	of	Mexico	in	the	future.			
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Appendix	A: The	 Weather	 Research	 and	 Forecasting	 (WRF)	
Modeling	System	

The	 Weather	 Research	 and	 Forecasting	 (WRF:	 Skamarock	 et	 al.	 2008)	 modeling	 system	

combines	 the	 extensive	NCAR	weather	 and	 climate	 expertise	 and	 systems,	with	 the	 goals	 of	

providing	a	testbed	to	gain	experience	in	support	of	the	next	generation	approach	to	seamless	

weather/climate	modeling,	 enabling	development	and	 testing	of	new	physical	 and	dynamical	

core	 approaches,	 and	 providing	 assessments	 of	 regional	 climate	 changes	 to	 societal	 groups.	

Further,	NCAR’s	Regional	Climate	program	directly	supports	several	high	priority	NCAR	Frontier	

Programs	 including	 informing	 climate	 change	 adaptation	 and	 mitigation,	 water	 resource	

availability,	vulnerability	and	adaptation	planning,	and	development	of	new	methods	to	more	

accurately	 assess	 regional	 climate.	 The	WRF	 climate	 configurations	 has	 been	 released	 under	

WRF	v3.4	for	community	use	and	is	available	to	download	from	the	WRF-ARW	model	website	

at	http://www2.mmm.ucar.edu/wrf/users/.		

	The	WRF	model	contains	a	full	suite	of	physical	schemes,	grouped	into	five	major	categories:	

(1)	micro-physics,	(2)	cumulus	parameterization,	(3)	planetary	boundary	layer,	(4)	land-surface	

model,	and	(5)	radiation.	For	each	category	a	number	of	schemes	are	provided,	ranging	from	

simplified	 physics	 suitable	 for	 idealized	 studies	 to	 sophisticated	 physics	 suitable	 for	 process	

studies,	numerical	weather	prediction	and	climate	projects.	This	large	number	of	state-of-the-

art	 physical	 modules,	 achieved	 though	 wide	 collaborative	 participation,	 makes	 WRF	 ideally	

suited	for	ensemble	projects.	While	the	model	physics	parameterizations	are	categorized	 in	a	

modular	way,	it	should	be	noted	that	there	are	many	interactions	between	them	via	the	model	

state	variables	(potential	temperature,	moisture,	wind,	etc.)	and	their	tendencies,	and	via	the	

surface	 fluxes.	 WRF	 reflects	 flexible,	 state-of-the-art,	 portable	 code	 that	 is	 efficient	 in	

computing	 environments	 ranging	 from	 massively-parallel	 supercomputers	 to	 laptops.	 Its	

modular,	single-source	code	can	be	configured	for	both	research	and	operational	applications.	

Its	 spectrum	of	physics	 and	dynamics	options	 reflects	 the	experience	and	 input	of	 the	broad	

scientific	community.		
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Appendix	B: Statistical	Evaluation	Metrics	

Observed	changes	in	impacts	on	human	and	ecological	systems,	such	as	coastal	 inundation	or	
flooding,	 are	 reported	 with	 high	 confidence	 for	 the	 Americas	 by	 the	 IPCC	 (IPCC,	 2014:	 see	
Figure	 B.1).	 Many	 of	 the	 impacts	 are	 attributable	 to	 changes	 in	 the	 distribution	 of	
meteorological	 variables	 such	 as	 precipitation	 or	 temperature.	 That	 is,	 rather	 than	 solely	 an	
increase	 in	 the	mean	 daily	 observations,	 these	 occurred	 in	 combination	with	 changes	 in	 the	
variability,	 skew	 or	 kurtosis	 of	 the	 distribution.	 All	 of	which	 can	 be	 reflected	 as	much	 larger	
changes	 in	 the	 extremes,	 and	 as	 a	 result	 the	 consequences	 to	 physical,	 biological	 or	 human	
systems.	This	appendix	focuses	solely	on	the	representation	of	meteorological	probability,	not	
on	the	translation	of	this	 information	to	 impact	 likelihood	through	vulnerability	and	exposure	
measures.	

	

	

Figure	B.1:	Physical,	biological	and	human	impacts	attributed	to	climate	change	(IPCC,	
2014	Summary	for	Policymakers	Figure	SPM4)	
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Figure	B.2,	 illustrates	 the	possible	 changes	 that	 can	occur	 to	 the	distribution	of	 temperature	
and	 precipitation	 measurements	 and	 why	 assessing	 more	 than	 the	 mean	 difference	 is	
important	 to	 gauge	 the	 accuracy	 of	 the	 models.	 While	 the	 standard	 deviation	 provides	 a	
measure	of	 the	 range	of	measurements,	 it	 is	 an	 insufficient	metric	 to	 describe	non-Gaussian	
data	 such	 as	 precipitation	 or	 extremes.	 Skewness	 describes	 the	 asymmetry	 of	 the	 data:	
positively	skewed	data	have	a	mean	value	greater	than	the	mode	as	the	bulk	of	the	distribution	
is	to	the	left	of	the	mean.	Statistical	skewness	is	sometimes	referred	to	as	the	third	moment	of	
the	data.	Kurtosis	measures	how	peaked	the	data	are	with	respect	to	the	mean.	Gaussian	data	
have	a	kurtosis	score	of	0.5,	and	are	referred	to	as	mesokurtic;	exponential	data	are	considered	
leptokurtic	with	a	high	peak	and	heavy	tail.	Thus,	poor	correlation	of	the	skewness	or	kurtosis	
between	model	and	observed	data	will	result	in	poor	representation	of	extreme	or	high	impact	
events.	

	

Model	verification	and	evaluation	is	well	established,	with	many	metrics	introduced	to	improve	
weather	 forecasting.	While	 some	 tests	are	very	 specific	 to	weather	 forecasting,	e.g.	 correctly	
forecasting	a	specific	event	in	the	correct	location,	other	tests	are	transferable	to	other	models	
such	 as	 climate	 or	 economics	 (Jolliffe	 and	 Stephenson,	 2003).	 However,	 achieving	 a	 high	
verification	 score	 for	 one	 variable	 does	 not	 necessarily	 imply	 that	 the	 model	 adequately	
addresses	other	variables	(Katz	and	Murphy,	1997;	Krzystofowicz	and	Long,	1990;	1991).	Rather	
a	suite	of	techniques	to	evaluate	the	strengths	and	weaknesses	of	each	model	in	the	ensemble	

Figure	B.2:	Impact	of	changes	in	mean,	variance,	skew	and	kurtosis	on	temperature	(left)	and	
precipitation	(right)	
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(Murphy	 et	 al.,	 1989)	 and	 their	 respective	 ability	 to	 simulate	 daily	 temperature	 and	
precipitation,	and	extreme	events.		

Examining	 the	 full	 distribution	 of	 daily	 temperature	 and	 precipitation,	 rather	 than	 specific	
occurrences	 or	mean	 values,	 enables	 analysis	 of	 the	model	 climatology	 and	 physical	 reality.	
Further,	 assessing	 statistics	 other	 than	 the	mean	 focuses	 the	 evaluation	 on	 the	 likely	 future	
impacts	that	are	most	important	to	decision-makers.	Wilks	(2011)	recommends	a	set	of	scalar	
attributes	to	evaluate	forecast	quality;	an	adapted	list	for	climate	model	evaluation	is:	

• Bias	 	 A	measure	of	the	model	mean,	examining	hot/cold	or	wet/dry	tendency	
• Reliability		 Agreement	of	the	model	and	observed	distributions	
• Resolution	 Model	 ability	 to	 reproduce	 conditional	 weather	 sequences		

		 	 (i.e.	rain,	given	the	previous	day’s	rain).	

The	 statistical	 evaluation	 employed	 here	 focuses	 on	 the	 first	 two	 attributes,	 by	 examining	
different	 aspects	 of	 the	 probability	 density	 function	 of	 the	modeled	 statistics	 (Perkins	et	 al.,	
2007;	 2013).	 A	 new	 skill	 score	 for	 the	 most	 extreme	 temperature	 and	 precipitation	 is	 also	
presented	to	assess	the	level	of	dependence	between	the	most	extreme	values	in	the	observed	
and	simulated	distributions,	and	potential	for	statistical	correction	if	required.	Resolution	is	not	
explicitly	 examined,	 the	 inference	 being	 that	 good	 model	 reliability	 and	 limited	 biases	 will	
naturally	lead	to	better	resolution	skill.	

The	rationale	behind	examining	model	and	observed	probability	density	functions	(PDFs)	is	that	
any	 changes	 under	 future	 climate	 conditions	 are	 likely	 to	 be	 far	 more	 evidenced	 in	 the	
extremes	of	the	distribution.	If	the	models	are	able	to	replicate	the	current	climatology	for	the	
current	 region,	 demonstrated	 as	 the	 overlap	 of	 the	 observed	 and	model	 simulated	 PDFs	 for	
different	 meteorological	 measurements,	 it	 is	 reasonable	 to	 assume	 that	 the	 models	 are	
physically	 representative.	 Thus,	 a	 modeled	 climatology	 using	 this	 set	 up	 should	 produce	 a	
reasonable	estimate	of	future	behavior.	

While	 the	 statistical	 significance	 of	 these	 scores	 cannot	 be	 truly	 assessed	 (Sisson,	 2016),	 an	
estimate	of	their	reliability	is	possible.	Several	different	observational	and	reanalysis	data	sets,	
described	below,	are	used	to	calculate	 the	skill	 scores.	Bootstrap	analysis	 is	also	employed	 in	
calculating	the	scores	to	develop	95%	confidence	intervals.	

The	skill	scores	used	for	model	evaluation	and	to	examine	future	changes	are	those	developed	
by	 Perkins	 et	 al.	 (2013)	 and	 Weller	 et	 al.	 (2013).	 All	 scores	 compare	 gridded	 model	 and	
observation	time	series	within	each	climate	region	(see	section	3.2.1).	
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Difference	Skill	Score	

The	score	ranges	from	0	→	±	∞	indicating	the	exact	difference	between	modeled	and	observed	
mean,	 standard	 deviation,	 skew	 and	 kurtosis.	 Perfect	 skill,	 SDIFF	 =	 0,	 is	 obtained	 for	 exact	
matches;	scores	significantly	different	from	zero	indicate	a	model	bias.	

Probability	Density	Function	(PDF)	

This	 score	 assesses	Wilks’	 reliability	 through	 an	 evaluation	 of	 the	 percentage	 overlap	 of	 the	
model	and	observed	distributions	 (Perkins	et	 al.,	 2007).	Perfect	 skill,	SPDF	=	 1,	 is	obtained	 for	
fully	overlapping	data	distributions.	

Probability	Density	Function	above	90%	(P90)	

Similar	to	the	PDF	score,	but	assessing	the	percentage	overlap	above	the	90th	Percentile	of	the	
observed	distribution.	Perfect	skill,	SP90	=	1,	is	obtained	for	fully	overlapping	upper	deciles.	

Tail	Score	

A	 second	 measure	 to	 evaluate	 the	 distribution	 of	 the	 extremes	 focusing	 on	 the	 weighted	
differences	 in	 the	 frequency	 density	 of	 binned	 data	 above	 (below)	 a	 given	 threshold.	 	 Bin	
intervals	of	1mm	or	1°C	are	used	for	precipitation	and	temperature.	A	perfect	skill	score,	Stail=0,	
is	obtained	for	equally	matching	tails,	while	scores	>1	 indicate	considerable	overestimation	of	
the	intensity	of	the	extremes.		

GEV	Score	

The	 GEV	 score	 determines	 whether	 there	 is	 any	 dependence	 between	 the	 most	 extreme	
observed	and	model	simulated	values.	Independent	data,	SGEV=0,	indicates	extreme	values	that	
are	very	different	while	perfect	skill,	SGEV=1,	indicates	matching	extremes.		
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Appendix	C: Validation	of	Reanalysis	and	Observational	Datasets	

To	place	the	Climate	Ensemble	results	in	perspective,	it	is	necessary	to	first	evaluate	the	spread	
in	the	observational	datasets.	This	analysis	is	performed	using	regions	with	similar	climatology,	
as	defined	in	section	3.2.1.	

Figure	C.1	shows	the	spread	in	the	mean	of	observed	daily	maximum	temperatures	for	climate	
regions	 in	 North	 America.	 A	 dashed	 line	 at	 zero	 indicates	 “perfect	 agreement”	 between	 the	
datasets.	 The	 ERA-Interim	 data	 have	 a	 warm	 bias	 (red	 circles)	 with	 respect	 to	 the	 gridded	
Maurer	 observations,	while	 CFSR	 has	 a	 slight	warm	 bias	 (blue	 circles)	 in	most	 regions	 and	 a	
slight	cold	bias	in	the	central	part	of	CONUS	(Contiguous	United	States),	and	along	the	western	
coast.	ERA-Interim	is	generally	slightly	warmer	than	CFSR.		

The	 three	 northern	most	 regions	 (Pacific	 NW,	West	 Boreal	 and	 East	 Taiga)	 shows	 significant	
deviation	 from	 Maurer,	 but	 still	 very	 good	 agreement	 between	 the	 reanalysis	 datasets,	
indicating	more	the	lack	of	observational	data	in	these	regions	than	errors	associated	with	the	
reanalysis.	 Similar	 results	 (not	 shown)	 are	 evident	 for	 Central	 and	 South	 American	 regions.	
Comparison	of	 the	probability	density	 functions	 (using	SPDF,	 see	Appendix	B)	 suggests	around	
90%	agreement	between	 the	CONUS	 regional	data,	but	only	50-80%	agreement	over	Central	
and	South	America,	which	again	is	probably	due	to	the	sparse	observational	network	in	these	
areas,	rather	than	errors	in	the	reanalysis.		

Daily	minimum	temperatures	(not	shown)	have	similar,	and	in	most	cases	smaller,	differences	
between	the	observational	datasets.	The	same	differences	are	also	reflected	in	the	upper	and	
lower	tails,	and	for	all	seasons.	
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Comparisons	 of	 the	 precipitation	 products	 show	 the	 gridded	 observations	 (both	 station	 and	
satellite	based)	are	 in	closer	agreement	with	each	other	than	with	the	reanalysis	data	for	the	
mean	daily	precipitation	 (Figure	C.2,	bottom),	 this	 in	part	can	be	contributed	 to	 the	 fact	 that	
observational	 data	 often	 miss	 the	 most	 intense	 rainfall,	 have	 sparse	 coverage,	 and	 are	 less	
reliable	in	complex	terrain.	Compared	to	observations	CFSR	is	drier	and	ERA-I	wetter,	which	is	
consistent	 with	 findings	 in	 the	 literature	 (e.g.,	 You	 et	 al.,	 2015).	 These	 are	 likely	 due	 to	
resolution	 and	 physics	 differences	 between	 CFSR	 and	 ERA-I.	 Comparison	 of	 the	 probability	
density	 functions	 (PDF)	 (Figure	C.2,	 top),	suggests	around	90%	agreement	between	reanalysis	
and	 the	observational	 products.	 Similar	 results	 (not	 shown)	were	obtained	 for	 the	 regions	 in	
Central	and	South	America.		

	

Figure	C.1:	Differences	in	the	mean	of	observed	Daily	Maximum	Temperatures	
for	all	North	America	Climate	Regions.	Regions	are	arranged	from	west	to	east.	
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Figure	 C.2:	 Bottom:	 Difference	 in	 mean	 precipitation	 for	 all	 North	 America	

Climate	Regions.	Regions	are	arranged	from	west	to	east.	Differences	between	

reanalysis	 and	 observations	 are	 shown	 as	 circles	 (CFSR)	 and	 squares	 (ERA-

Interim),	 while	 differences	 between	 observational	 datasets	 are	 shown	 as	

asterisks.	Top:	Percent	overlap	between	the	reanalysis	and	Maurer	PDFs.	
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Appendix	D: Self-Organizing	Maps	

Self	Organizing	Maps	(SOMs)	are	a	powerful	tool	that	can	be	used	to	identify	dominant	synoptic	
patterns	 in	 large	 datasets	 with	 an	 arbitrary	 amount	 of	 dimensions	 (Kohonen,	 1989).	 This	
method	does	well	 in	capturing	and	comparing	 the	current	climate	 in	each	of	 the	 twenty-four	
ensemble	 members.	 A	 unique	 feature	 that	 sets	 this	 clustering	 method	 apart	 from	 other	
clustering	techniques	is	that	it	uses	a	neighborhood	function	that	relates	samples	to	each	other	
in	 a	 two-dimensional	 matrix	 known	 as	 a	 feature	 map.	 SOMs	 are	 excellent	 at	 capturing	
nonlinearities	 in	 the	data	 that	can	 fill	 in	gaps	 in	 the	data	space	and	create	a	visually	 intuitive	
way	to	interpret	the	results	(Hewitson	and	Crane,	2002).	

The	 software	 package,	 SOM_PAK	 (Kohonen	 et	 al.,	 1996),	 was	 used	 to	 perform	 this	 analysis.	
Using	 this	package,	 reference	vectors	are	created	using	a	 linear	 initialization	as	opposed	 to	a	
random	initialization.	Linear	initializations	tend	to	achieve	faster	convergence	in	the	data	than	a	
random	 initialization,	but	 SOM	 results	 are	not	 sensitive	 to	 the	 selected	 initialization	method.	
We	determine	 the	 first	 two	eigenvectors	with	 the	 largest	 eigenvalues	 and	 let	 them	span	 the	
two-dimensional	 subspace	 (Kohonen,	 2001).	 The	 covariance	 matrix	 of	 the	 input	 sea	 level	
pressure	values	determined	the	eigenvectors.	By	 initializing	a	SOM	 in	 this	way,	 the	clustering	
procedure	 starts	 at	 an	 already	 ordered	 set	 of	 weights	 and	 training	 can	 start	 with	 the	
convergence	phase.	During	the	training,	each	data	sample,	for	example	a	daily	map	of	sea	level	
pressure,	 is	 presented	 to	 the	 SOM	 in	 the	 order	 it	 occurs	 in	 the	 original	 data	 set.	 Each	 data	
sample	 was	 then	 matched	 to	 the	 reference	 vectors	 and	 their	 similarity	 was	 calculated	 as	 a	
measure	of	Euclidean	distance	in	space.	In	this	process	the	“best	match”	mode	is	identified	as	
that	with	 the	 smallest	Euclidean	distance	between	 the	 reference	vector	and	 the	data	 sample	
and	vectors	for	the	best-matching	node	and	those	that	are	close	in	the	two-dimensional	array	
are	updated.	This	continues	until	all	samples	are	tested	and	the	final	reference	vectors	are	then	
mapped	onto	a	two	dimensional	grid	with	their	 locations	 in	the	matrix	corresponding	to	their	
matching	nodes	(Skific	and	Francis,	2012).	The	maps	in	the	resulting	feature	map	represent	the	
predominant	 synoptic	 patterns	 of	 the	 atmosphere.	 This	 iterative	 training	 procedure	 is	 what	
allows	the	SOM	to	account	for	the	non-linear	data	distributions	(Hewitson	and	Crane,	2002).	

Figure	 D.1	 shows	 a	 sample	 SOM	 feature	map	 of	 sea	 level	 pressure	 calculated	 for	 the	 north	
Atlantic	cyclone	basin	season	(August,	September	and	October).	Initial	weighted	vectors	to	train	
the	 SOM	 are	 sampled	 evenly	 from	 the	 subspace	 spanned	 by	 the	 two	 largest	 principal	
component	eigenvectors	(Kohonen,	2005).	This	creates	a	feature	map	that	linearly	space	all	the	
synoptic	 patterns	 between	 the	 two	 most	 extremes	 (top	 left	 and	 bottom	 right)	 nodes.	 All	
ensemble	members	 and	 the	 ERA-Interim	 reanalysis	were	 included	 in	 the	 SOM	 analysis	 using	
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daily	 averages	 of	 SLP,	 which	 resulted	 in	 ~25,000	 samples.	 A	 grid	 of	 35	 nodes	 was	 chosen,	

creating	 a	 7x5	 array.	 Smaller	 and	 larger	 SOM	matrices	 were	 tested	 to	 determine	 a	 suitable	

number	of	nodes.	If	the	matrix	is	too	small,	some	patterns	may	not	be	represented;	if	too	big,	

adjacent	 patterns	will	 be	 too	 similar	 (Skific	 and	 Francis,	 2012).	 The	 ideal	 SOM	 size	 (one	 that	

represents	 all	 possible	 synoptic	 patterns)	 is	 determined	 through	 the	 use	 of	 Multi-Objective	

Evolutionary	Algorithms	(Büche	et	al.,	2003).	
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Appendix	E: Evaluation	of	the	Climate	Ensemble	simulations	using	
Weather	Type	analysis	

In	this	section,	we	use	weather	types	(WTs)	to	evaluate	the	present	day	performance	of	the	24	
members	 WRF	 physics	 ensemble	 and	 to	 assess	 the	 importance	 of	 changes	 in	 the	 WT	
frequencies	 on	 precipitation	 climate	 changes	 signals	 over	 the	 Contiguous	 United	 States	
(CONUS).	The	WTs	are	derived	from	reanalysis	data	and	are	closely	related	to	key	hydrological	
processes	 in	 the	CONUS.	We	show	that	 the	 reanalysis	driven	WRF	simulations	can	 reproduce	
the	 frequency	 and	 annual	 cycle	 of	WTs	 typically	 within	 the	 range	 of	 natural	 variability.	 The	
impact	of	changing	the	model	physics	on	the	WT	frequency	 is	minor	even	though	simulations	
that	use	the	Kain-Fritsch	convection	parameterization	(Kain	and	Fritsch,	1993)	perform	best.	In	
general,	 the	 model	 performance	 is	 most	 sensitive	 to	 the	 selection	 of	 the	 convection	
parameterization	scheme.	Surprisingly,	 the	Community	Earth	System	Model	 (CESM:	Hurrell	et	
al.,	2013)	driven	WRF	simulation	have	a	similar	high	quality	in	simulating	WT	frequencies	than	
the	 reanalysis	 driven	 simulations.	 This	 is	 because	 CESM	 is	 able	 to	 capture	 the	 observed	WT	
frequencies,	which	 is	encouraging	 for	 the	 reliability	of	 the	 future	climate	change	assessment.	
Future	changes	 in	the	WT	frequency	are	non-systematic	and	can	be	mainly	related	to	climate	
internal	variability.	This	means	that	the	large-scale	dynamics	in	the	future	climate	are	similar	to	
the	ones	in	the	current	climate.	

Only	5	%	to	25	%	of	 the	simulated	precipitation	bias	 in	 the	reanalysis	driven	WRF	simulations	
can	be	related	to	a	misrepresentation	of	WT	frequencies.	The	bulk	of	the	bias	is	associated	with	
the	 model	 physics	 (e.g.,	 convection,	 radiation	 scheme).	 Similarly,	 most	 of	 the	 precipitation	
climate	change	signal	is	related	to	thermodynamic	processes	and	less	than	35	%	can	be	related	
to	changes	in	WT	frequencies.	

E.1 Introduction 

Traditionally	 climate	 simulations	 are	 evaluated	 in	 different	 seasons	 because	 of	 the	 basic	
assumption	 that	 the	 model's	 performance	 depends	 on	 the	 predominant	 processes.	 For	
example,	 the	weather	 in	mid-latitude	winters	 is	 dominated	by	 strong	 large-scale	 forcing,	 low	
energy	interactions	between	the	soil	and	the	atmosphere,	and	widespread	precipitation.	During	
summer,	 in	 contrast,	 convective	 environments	 with	 weak	 large-scale	 forcing	 are	 dominant,	
there	is	a	strong	interaction	between	the	surface	and	the	atmosphere,	and	precipitation	is	very	
localized	and	intense.	Due	to	the	different	nature	of	these	processes,	many	studies	have	found	
that	the	model	biases	largely	differ	 in	different	seasons	(e.g.,	Mearns	et	al.,	2012;	Kotlarski	et	
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al.,	2014).	However,	combining	all	weather	situations	in	an	entire	season	mixes	a	large	number	
of	weather	situations	since	large-scale	forced	environments	(e.g.,	synoptic	frontal	systems)	can	
also	 occur	 during	 summer	 and	 weakly	 large-scale	 forced	 conditions	 can	 be	 present	 during	
winter.	

Since	model	 biases	 are	dependent	on	 the	 simulated	process	we	propose	 to	 evaluate	 climate	
models	 in	weather	 types	 (WTs)	 rather	 than	 in	 seasons.	 A	WT	 can	 be	 thought	 of	 as	 a	 typical	
reoccurring	 atmospheric	 large-scale	 weather	 pattern.	 These	 patterns	 are	 related	 to	 the	
occurrence	 of	 a	 particular	weather	 situation	 in	 a	 region.	 A	 typical	 example	 is	 to	 derive	WTs	
according	 to	 pressure	 patterns.	 If	 a	 region	 is	 under	 the	 influence	 of	 high	 pressure	 it	 will	 be	
sunny	 and	 dry	 while	 low-pressure	 influence	 will	 lead	 to	 cold	 and	 rainy	 weather.	 Therefore,	
evaluating	 climate	 models	 in	 WTs	 helps	 to	 distinguish	 between	 dominant	 atmospheric	
processes	and	hence,	leads	to	a	more	process-based	analysis	of	the	model	performance.	

Here	we	use	weather	types	to	evaluate	simulations	in	two	different	ways.	1)	We	investigate	if	
the	climate	simulations	are	able	to	capture	the	frequency	and	annual	cycle	of	WTs.	This	analysis	
focuses	on	the	model's	ability	to	capture	the	large-scale	dynamics.	2)	We	attribute	model	biases	
in	 simulated	 precipitation	 to	 biases	 in	 the	 simulation	 of	WTs	 and	 biases	 from	other	 sources,	
which	 mainly	 can	 be	 attributed	 to	 the	 model	 physics.	 Previous	 studies	 have	 proven	 the	
applicability	of	this	approach	(e.g.,	Horton	et	al.,	2015;	Swain	et	al.,	2016;	Prein	et	al.,	2016).	For	
example,	Addor	 et	 al.	 (2016)	 show	a	 systematic	 overestimation	of	 the	 frequency	of	westerly	
flow	 in	 winter	 in	 climate	 simulations	 over	 the	 European	 Alps,	 which	 leads	 to	 a	 substantial	
overestimation	of	precipitation	during	this	season.	Similarly	to	the	assignment	of	model	biases	
to	 WT	 frequency	 biases,	 we	 assess	 the	 contribution	 of	 changes	 in	 WT	 frequencies	 to	 the	
precipitation	climate	change	signal.	

E.2 Methods 

E.2.1 Observational	Datasets	

The	Maurer	(Maurer	et	al.,	2002),	Livneh	(Livneh	et	al.,	2013),	Daymet	(Thornton	et	al.,	2014),	
and	 the	 100-member	 ensemble	 Newman	 (Newman	 et	 al.,	 2015)	 data	 sets	 are	 used	 for	 the	
precipitation	analysis.	These	data	sets	provide	daily	precipitation,	cover	the	simulation	period	
1990	 to	2000,	 and	are	 conservatively	 (mass	 conserving)	 remapped	 to	 a	 1/8	 regular	 grid.	 The	
consideration	 of	 multiple	 observational	 datasets	 allows	 us	 to	 investigate	 the	 influence	 of	
observational	uncertainties.	
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E.2.2 Deriving	weather	types	and	relating	them	to	precipitation	

For	 the	 classification	 of	WTs	we	use	 daily	 12	UTC	 sea	 level	 pressure	 (SLP),	 perceptible	water	

(PW),	 and	 700	hPa	 wind	 speed	 (UV700)	 data	 from	 ECMWF's	 Interim	 Reanalysis	 (Dee	 et	 al.,	

2011)	 (ERA-Interim;	 1979	 to	 2014).	 These	 variables	 are	 of	 importance	 to	 dynamic	 and	

thermodynamic	processes	leading	to	precipitation	(Doswell	et	al.,	1996;	Lin	et	al.,	2001)	and	are	

beneficial	for	the	clustering	of	precipitation	(Prein	et	al.,	2016).		

The	weather	classification	is	performed	with	the	cost733class-1.2	software	package	(Huth	et	al.,	

2008).	Dominant	WTs	in	the	CONUS	are	derived	by	applying	a	classification	scheme	(hereafter	

PCACA)	that	is	a	combination	of	two	clustering	algorithms	(Comrie,	1996;	Ekstrom	et	al.,	2002).	

First,	a	hierarchical	cluster	analysis	 (Romesburg,	2004)	 is	applied	 to	 the	dominant	patterns	of	

variability	 from	 a	 Principal	 Component	 Analysis	 (all	 principal	 components	 contributing	 up	 to	

90	%	 variance	 are	 included).	 The	 algorithm	 treats	 every	 daily	 field	 as	 a	 separate	 cluster	 and	

merges	the	two	nearest	clusters	on	each	hierarchical	level	of	the	process	until	the	final	number	

of	 clusters	 is	 reached.	 The	 second	 weather-typing	 algorithm	 is	 a	 k-means	 cluster	 analysis	

(Romesburg,	2004)	that	uses	the	outcome	of	the	hierarchical	clustering	as	starting	partition.	In	

each	iteration	of	the	clustering,	each	daily	field	is	placed	in	the	cluster	with	the	nearest	cluster	

centroid	(cluster	average	state).	The	Euclidean	distance	is	used	as	the	distance	measurement.	

This	 iterative	process	keeps	 running	as	 long	as	days	are	shifted	between	clusters.	The	PCACA	

scheme	shows	high	skill	 in	a	WT	intercomparison	study	(Schiemann	and	Frei,	2010).	We	focus	

the	classification	on	the	CONUS	within	the	boundaries	234.75°	to	290.25°	east	and	30°	to	48°	

north	(see	Figure	E.1	for	the	classification	domain).	
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For	 a	 clear	 reference	 to	 locations	 we	 divide	 the	 CONUS	 into	 five	 main	 regions:	 Northwest,	
Southwest,	 Midwest,	 Northeast,	 and	 South.	 Each	 of	 these	 regions	 consists	 of	 three	 to	 five	
climatological	homogeneous	subregions	(Figure	E.2:	Bukovsky,	2012).	

Before	the	application	of	the	PCACA	classification	the	SLP,	PW,	and	UV700	fields	are	high	pass	
filtered	with	a	moving	average	Gaussian	filter	of	31	days	length.	The	aim	is	to	remove	variability	
on	time	scales	longer	than	those	of	synoptic	weather	systems	(especially	the	annual	cycle).	This	
does	not	affect	the	spatial	patterns	of	the	input	variables.	

Figure	E.1:	Model	domain	(filled	contour)	and	region	that	is	used	in	the	WT	
classification	(red	rectangle).	The	model	orography	is	shown	as	contour.	
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The	 PCACA	 scheme	 requires	 a	 predefined	 number	 of	 WTs	 and	 a	 selection	 of	 atmospheric	
variables	 for	 the	 classification.	 To	 ensure	well-defined	 clusters	we	want	 to	 include	days	with	
similar	precipitation	patterns	in	each	cluster	(small	inter-cluster	variance)	while	we	also	want	to	
have	 large	 differences	 in	 the	 precipitation	 patterns	 between	 the	 cluster	 (large	 intra-cluster	
variance:	 Straus	 and	 Molteni,	 2004).	 In	 addition,	 we	 maximize	 the	 average	 absolute	
climatological	precipitation	anomalies	of	the	WT	centroids	(mean	precipitation	field	in	WTs;	see	
Figure	 E.6).	 Keeping	 the	number	of	WT	as	 low	as	 possible	 leads	 to	 a	 final	 set	 of	 12	weather	
types.	These	WTs	have	been	used	in	a	study	by	Prein	et	al.	(2016)	to	assess	historical	changes	in	
U.S.	weather	types	and	their	effects	on	rain	and	snowfall.	

To	derive	the	frequency	of	WTs	from	the	climate	model	simulations	the	same	daily	simulated	
variables	are	considered	as	were	used	for	the	WT	classification	(SLP,	PW,	and	UV700).	For	each	
day	 the	 euclidean	 distance	 between	 the	 normalized	 simulated	 variables	 and	 the	 normalized	
centroids	 of	 the	 observed	 WTs	 (average	 over	 all	 days	 within	 a	 cluster)	 are	 calculated.	 The	
assigned	WT	at	each	day	corresponds	to	the	one	with	the	minimum	average	(over	all	grid	cells	
and	variables)	euclidean	distance.	

	

E.2.3 Attributing	biases	and	climate	change	signals	to	weather	pattern	changes	

To	 assign	 precipitation	 biases	 and	 climate	 change	 signals	 to	 changes	 in	 WTs	 and	 residual	
changes	we	assume	that	precipitation	intensities	are	constant	(time-invariant)	for	each	weather	

	

Figure	 E.2:	 For	 this	 study	 we	 divided	 the	 CONUS	 into	 five	 main	
regions	(colors)	and	17	climatological	subregions	(Bukovsky,	2012).	
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type.	 This	means	 every	 time	 a	 weather	 type	 occurs	 we	 get	 the	 precipitation	 intensities	 and	
spatial	patterns	that	correspond	to	the	climatological	mean	intensities	(

	
PWT,n,m ):	

		
PWT,n,m =

1
N

prd,n,m∑ 	

where	
	
prd,n,m is	the	observed	daily	precipitation	in	the	grid	cell	(n,	m),	and	days	(d	=	1,	.	.	.,	N	)	

within	 a	 certain	 WT.	 The	 modeled	 and	 observed	 frequencies	 of	 WTs	 are	 given	 by	

		FWT,Mod = NWT,Mod /D 	and	 		FWT,Obs = NWT,Obs /D 	where	 D	 is	 the	 total	 number	 of	 days	 within	 the	

evaluation	period	(1990	to	2000).	Now	we	can	apply	a	simple	linear	correction	of	precipitation	
originating	 from	 an	 erroneous	 simulation	 of	 weather	 types	 by	 multiplying	

	
PWT,n,m 	with	

	
FWT,Obs 	

and	summing	over	the	precipitation	of	all	WTs:	

	
Pcorrected,n,m = PWT,n,m∑ ∗FWT,Obs 	

The	precipitation	bias	that	is	associated	with	an	erroneous	representation	of	WT	(	BWWT,n,m )	can	

now	 be	 calculated	 as	
	
BWn,m = Pcorrected,n,m −Pn,m 	where		Pn,m

	is	 the	 simulated	 climatological	 mean	

precipitation.	The	residual	bias	is	then		BRn,m = Pn,m −BWn,m .	

	BWWT,n,m 	becomes	zero	when	 the	 simulate	WT	 frequency	
	
FWT,Obs 	is	equal	 to	 the	observed	WT	

frequency	
	
FWT,Mod .	The	influence	of	changes	in	WT	on	the	climate	change	signal	of	precipitation	

is	similarly	estimated.	Observed	quantities	are	substituted	by	quantities	that	were	modeled	in	
the	historic	 climate	period	 (1990	 to	2000)	 and	 the	modeled	quantities	 are	 replaced	with	 the	
once	from	the	future	climate	simulations.	

E.3 Results 

In	 this	 section,	 the	derived	WTs	 from	ERA-Interim	and	 their	 representation	 in	 the	model	 are	
presented.	Furthermore,	biases	that	emerge	from	an	erroneous	simulation	of	WTs	are	shown.	
The	 last	 section	 shows	 the	 relative	 contribution	of	 changing	WT	 frequencies	on	precipitation	
climate	change	signals.	
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E.3.1 Current	Climate	

The	 WT	 centroids	 derived	 from	 35	 years	 of	 ERA-Interim	 data	 (1979-2014)	 show	 distinctly	
differing	pressure,	flow,	and	moisture	patterns	(Figure	E.3).	They	also	have	characteristic	annual	
occurrence	probability	cycles	with	winter	maxima	 in	WT1–3	(Figure	E.3a–c),	 transition	season	
maxima	 in	WT4–9	 (Figure	E.3d–i),	 and	summer	maxima	 in	W10–12	 (Figure	E.3j-l).	 These	WTs	
were	selected	because	of	their	ability	to	differentiate	dominant	atmospheric	processes	 in	the	
CONUS,	which	lead	to	distinct	precipitation	patterns	in	each	WT.	The	same	WTs	have	been	used	

	

Figure	 E.3:	 SLP	 anomalies	 are	 shown	 in	 filled	 contours.	 The	 mean	 wind	 direction/speed	 at	
700	hPa	is	shown	as	the	direction/length	of	the	arrows	while	green	contour	lines	show	the	mean	
PW	values.	The	 histograms	show	the	 relative	monthly	occurrence	 of	 the	WTs	 during	 the	year	
and	 the	 gray	 dashed	 box	 shows	 the	 area	 that	 is	 used	 for	 the	WT	 classification.	 The	 annual	
frequencies	 (FR)	 and	 the	 linear	 trend	 estimate	 (TR;	 including	 the	 significance	 level	 as	 a	
superscript	 if	 it	 is	 larger	 then	 90	%)	 of	 WTs	 are	 shown	 above	 each	 panel.	 Mean	 synoptic	
conditions	and	annual	occurrence	frequencies	show	distinct	characteristics	in	the	derived	WTs.	
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in	a	study	by	Prein	et	al.	(2016)	for	the	analysis	of	precipitation	trends	in	the	CONUS.	There	is	

no	clear	 relationship	between	the	 frequency	of	 these	WTs	and	sea	surface	temperatures	and	

climate	indices	like	the	El	Niño-Southern	Oscillation,	or	the	North	Atlantic	Oscillation	Index.	For	

more	details,	see	Prein	et	al.	(2016).	

The	 average	 observed	 and	modeled	 frequency	 of	WTs	 for	 each	 day	 of	 the	 year	 is	 shown	 in	

Figure	E.4.	The	WT	frequency	at	each	day	corresponds	to	the	average	frequency	 in	a	±15-day	

window	 around	 this	 day.	 The	 24-member	 ensemble	 ERA-Interim	 driven	 hindcast	 simulations	

are	 able	 to	 reproduce	 the	 observed	 WT	 frequencies	 mostly	 within	 the	 range	 of	 natural	

variability.	 Some	 exceptions	 are	 a	 significant	 underestimation	 of	WT6	 frequencies	 in	 spring,	

which	is	compensated	by	an	overestimation	of	WT4	and	WT5	frequencies,	an	underestimation	

of	WT8	frequencies	during	winter,	and	underestimation	of	WT10	frequencies	in	early	summer,	

which	 is	 compensated	by	an	overestimation	of	WT12	 frequencies.	 The	 spread	within	 the	24-

member	 ensemble	 is	 surprisingly	 small	 (thickness	 of	 the	 blue	 shaded	 region	 in	 Figure	 E.4),	

which	indicates	that	the	selected	model	physics	have	only	a	minor	influence	on	the	simulated	

WT	frequencies.	

The	CESM	model	that	was	used	as	lateral	boundary	forcing	for	3	WRF	control	simulations	is	also	

able	to	reproduce	the	observed	WT	frequencies	within	the	limits	of	natural	variability	(red	line	

in	 Figure	 E.4).	 Some	 exceptions	 are	 an	 overestimation	 of	 WT2	 frequencies	 in	 winter,	 an	

underestimation	of	WT6	frequencies	in	early	spring,	an	underestimation	of	WT10	frequencies	in	

summer	that	is	compensated	by	an	overenthusiastic	of	WT12	frequencies.	

Also	the	WT	frequencies	from	the	three	CESM	driven	WRF	control	simulations	agree	well	with	

observations	 (red	 shaded	 area	 in	 Figure	 E.4).	 They	 overlap	 with	 the	 frequencies	 of	 the	 24-

member	ERA-Interim	driven	simulations	to	a	large	extent.	The	lack	of	differences	between	the	

reanalysis	 and	 CESM	 driven	 simulations	 is	 encouraging	 and	 enhances	 our	 confidence	 in	 the	

reliability	of	the	CESM	driven	future	climate	simulations.	

An	overview	of	the	biases	in	the	simulation	of	WT	frequencies	is	shown	in	Figure	E.5.	In	general,	

the	biases	are	 fairly	 consistent	 for	each	of	 the	24	hindcast	 simulations	which	 is	 in	agreement	

with	 Figure	 E.4.	WT12	 shown	 the	 largest	 overestimation	 of	 about	 40	%	 to	 60	%	 followed	 by	

WT7,	WT1,	WT5,	and	WT4.	The	largest	underestimations	are	shown	for	WT8	(up	to	60	%)	and	

WT6.	The	frequencies	of	WT2,	WT3,	WT10,	and	WT11	are	well	captured	(typically	within	20	%	

of	the	observations).	
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Figure	E.4:	Mean	annual	cycle	of	WT	frequencies.	The	gray	shaded	area	shows	the	spread	in	
the	 natural	 variability	 of	 ERA-Interim	WT	 frequencies	 in	 each	 possible	 contiguous	 10~year	
period	from	1979	to	2014	while	the	black	 line	shows	the	frequencies	 for	1990	to	2000.	The	
blue/red	 shaded	 area	 shows	 the	 spread	 in	 the	 24/3	 hindcast/control	 (ERA-Interim/CESM	
driven)	simulations.	All	lines	where	smoothed	by	a	30	day	moving	average	filter.	
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Figure	 E.5:	 Heat	 map	 showing	 the	 differences	 between	 the	 observed	 and	 modeled	 WT	
frequencies.	Hatching	shows	simulated	WT	frequencies	that	are	inside	the	natural	variability	
(non	significant	differences).	The	right	column	shows	the	mean	absolute	biases	over	the	WTs	
(rows	 1	 to	 12).	 WT	 frequencies	 are	 averaged	 for	 simulations	 using	 the	 same	 physic	
parameterization	 scheme	 (e.g.,	 convection	 scheme)	 in	 the	 upper	 block.	 The	middle/lower	
block	shows	the	results	for	the	24/3	hindcast/control	simulations.	

	



115	

To	 find	 out	 which	 physics	 combination	 performs	 best	 for	 reproducing	 WT	 frequencies	 we	
calculated	absolute	averages	of	 the	WT	frequency	biases	 for	each	simulation	(right	column	 in	
Figure	E.5).	The	overall	differences	 in	 the	absolute	biases	 range	between	29	%	and	36	%.	The	
lowest	absolute	biases	occur	 in	 the	RK6Y,	RK6M,	and	CK6M	simulation	 (simulations	using	 the	
Kain-Fritsch	convection	parameterization	except	 for	CKTM)	while	 the	 largest	biases	are	 found	
for	 the	 CTTY,	 CTTM,	 CT6M,	 and	 RTTY	 simulations	 (simulations	 using	 the	 Tiedtke	
parameterization:	Tiedtke,	1989).	

Averaging	 over	 all	 members	 that	 used	 the	 same	 physics	 scheme	 (top	 9	 rows	 in	 Figure	 E.5)	
shows	 that	 the	 WT	 frequency	 biases	 are	 most	 sensitive	 to	 the	 selection	 of	 the	 convection	
parameterization	scheme.	The	simulations	that	used	the	Tiedtke	convection	parameterization	
have	 the	 highest	 absolute	 WT	 frequencies	 biases.	 This	 is	 mainly	 because	 of	 the	 large	
overestimation	of	WT7	and	WT12	frequencies.	The	lowest	biases	are	found	in	simulations	that	
use	the	Kain-Fritsch	(KF)	convection	scheme,	which	is	especially	reducing	the	overestimation	of	
frequencies	 in	WT7	 and	WT12.	 There	 is	 a	 weak	 sensitivity	 to	 the	 selection	 of	 the	 radiation	
scheme.	Simulations	that	use	the	RRTMG	slightly	outperform	those	that	use	the	CAM	scheme.	
The	sensitivity	to	the	planetary	boundary	layer	and	the	microphysics	scheme	is	low.	

The	absolute	WT	 frequency	biases	 in	 the	CESM	driven	control	 simulations	are	comparable	 to	
those	 from	 the	 ERA-Interim	 driven	 simulations.	 The	 CESM	 boundary	 conditions	 improve	 the	
simulation	of	WT1	frequencies	but	they	slightly	deteriorate	the	WT8	and	WT12	frequencies.	

There	 are	 distinct	 precipitation	 anomalies	 with	 strong	 gradients	 associated	 with	 the	 WTs	
(Figure	E.6).	Some	WTs	have	significant	importance	for	the	hydrology	in	specific	subregions.	For	
example,	WT3	days	have	an	average	 frequency	of	10	%	per	year	but	contribute	~30	%	of	 the	
annual	precipitation	in	the	Pacific	Northwest.	Regions	that	are	dependent	on	precipitation	from	
a	 few	 WTs	 are	 especially	 sensitive	 to	 the	 correct	 simulation	 of	 the	 WT	 frequencies.	 For	
example,	the	Southwest	region	gets	61	%	of	its	annual	precipitation	from	days	with	WT5,	WT6,	
and	WT7	conditions.	Other	 regions	such	as	 the	mid-Atlantic	or	Northeast	derive	precipitation	
for	a	larger	amount	of	WTs.	Therefore,	an	e.g.,	underestimation	of	the	frequency	of	one	WT	can	
easily	be	compensated	by	the	overestimation	of	another	WT.	
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Similarly,	 the	WTs	can	be	associated	with	extreme	precipitation,	defined	as	events	above	the	
99	percentile	of	daily	precipitation	 (Figure	E.7).	 There	are	 large	differences	 in	 the	occurrence	
probability	of	extremes	between	the	different	WTs.	WT3	conditions	have	a	very	high	probability	
of	producing	extremes	in	the	Pacific	Northwest	region	(Figure	E.7c)	with	probabilities	that	are	
regionally	 above	60	%.	Other	WTs	 that	have	high	probabilities	 to	produce	extremes	are	WT4	
along	the	North	Atlantic	Coast	(Figure	E.7d),	WT6	in	southern	California	and	the	southern	Rocky	
Mountains	(Figure	E.7f),	WT7	in	the	Sierra	Mountains	(Figure	E.7g),	WT8	along	the	Gulf	Coast	
and	 the	 Deep	 South	 (Figure	 E.7h),	WT10	 and	WT11	 in	 the	 Northern	 Plains	 and	 parts	 of	 the	
Midwest	 (Figure	 E.7j,k).	 In	 contrast,	 during	 WT1	 and	 WT5	 situations	 it	 is	 very	 unlikely	 to	
encounter	an	extreme	anywhere	in	the	CONUS	(Figure	E.7a,e).	

	

Figure	 E.6:	Mean	 precipitation	 anomalies	 in	 the	 frequency	 normalized	WTs	 (average	 over	 all	
days	 within	 the	 same	 WT)	 show	 distinct	 patterns	 and	 strong	 spatial	 gradients.	 The	 mean	
anomalies	from	the	four	observational	data	sets	are	shown.	
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	By	using	the	equations	that	are	described	in	Section	E.2.3	we	estimate	the	bias	contribution	of	
the	erroneous	simulation	of	WT	frequencies.	We	show	the	spatial	results	on	the	example	of	the	

CTTY	 simulation	 (Figure	 E.8).	 The	CTTY	 simulation	has	 a	pronounced	wet	bias	 in	 the	western	

half	 of	 the	 CONUS	 and	 in	 the	 Northeast	 region	 and	 a	 dry	 bias	 in	 the	 Deep	 South	 during	
December,	January,	and	February	(DJF)	(Figure	E.8a).	The	misrepresentation	of	WT	frequencies	
is	partly	related	to	the	wet	bias	in	the	Southwest	and	is	causing	a	slight	dry	bias	in	the	eastern	
half	of	 the	CONUS	and	 in	 the	Pacific	Northwest	 (Figure	E.8b).	 Therefore,	 it	 amplifies	 the	wet	

bias	in	the	Southwest	while	it	slightly	mitigates	the	wet	bias	in	parts	of	the	eastern	CONUS	and	
amplifies	 the	 dry	 bias	 in	 the	 Deep	 South.	 The	 amplitude	 of	 the	 WT	 frequency	 related	 bias	

contribution	 is,	however,	 fairly	small	 (~20	%),	which	means	that	the	majority	of	 the	total	bias	
comes	mainly	from	a	misrepresentation	in	the	model	physics	and	small-scale	dynamics.	

In	June,	July,	and	August	(JJA)	the	CTTY	simulation	has	a	wet	bias	in	large	parts	of	the	western	

CONUS	(especially	in	the	mountains),	a	dry	bias	in	the	central	U.S.	and	the	Southeast,	and	a	wet	
bias	 in	 the	 Appalachia	 and	 Northeast	 region	 (Figure	 E.8d).	 The	 misrepresentation	 of	 WT	

frequencies	leads	to	a	dry	bias	in	the	northern	half	of	the	CONUS	and	a	wet	bias	in	the	southern	

Plains	and	the	Southeast	(Figure	E.8e).	The	WT	induced	dry	bias	in	the	Midwest	counteracts	the	

	

Figure	E.7:	Observed	occurrence	probability	of	daily	precipitation	extremes	in	the	different	WTs.	
The	sum	over	the	probabilities	in	all	WT	results	to	100	%.	
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physics	 induced	wet	 bias	 in	 this	 region	 (Figure	 E.8f).	 This	 bias	 cancellation	might	 lead	 to	 the	
false	conclusion	of	an	almost	bias	free	simulation	in	this	region	(Figure	E.8d).	A	similar	situation	
occurs	 in	 the	Southeast	 region	where	a	wet	bias	due	to	WT	frequencies	 is	counteracted	by	a	
model	physics	related	dry	bias.	

Averaging	 seasonal	 mean	 absolute	 precipitation	 biases	 in	 CONUS	 shows	 that	 WT	 frequency	
related	biases	are	 fairly	small	 (~5	%	to	~25	%)	compared	to	 the	biases	 that	are	related	to	 the	
model	physics	(Figure	E.9).	On	the	regional-scale,	the	contribution	can	be	larger	as	shown	in	the	
example	 in	 Figure	E.8.	 The	 seasons	with	 the	 lowest	WT	 related	bias	 contribution	are	 JJA	and	
March,	 April,	 and	 May	 (MAM)	 while	 the	 largest	 are	 found	 in	 September,	 October,	 and	
November	(SON).	However,	there	is	a	fairly	large	spread	within	the	individual	physics	members	
in	each	season.	The	absolute	biases	in	the	individual	simulations	are	clustering	within	a	range	of	
0.4	mm/d	to	0.9	mm/d	for	the	model	physics	component	and	0.1	mm/d	to	0.25	mm/d	for	the	
WT	component.	There	are	only	four	outliers	with	physics	related	biases	of	more	than	1	mm/d	in	
JJA	which	are	the	RKTM,	RK6M,	RKTY,	and	RK6W	simulations.	This	means	that	the	combination	
of	the	RRTMG	radiation	scheme	with	the	Kain-Fritsch	cumulus	scheme	leads	to	large	absolute	
biases	during	JJA.	Interestingly,	the	representation	of	WT	frequencies	is	well	captured	with	this	
physics	combination	that	leads	to	small	WT	related	bias	during	this	season.	

	

	

Figure	 E.8:	 Seasonal	mean	precipitation	biases,	 their	 attribution	 to	WT	 frequency	 differences,	
and	 the	 residual	bias	 (maps	 from	 left	 to	 right)	 in	 the	 CTTY	 simulation.	 Results	 for	DJF/JJA	are	
shown	in	panel	a-c/d-f.	
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Figure	 E.9:	 Scatter	 plot	 of	 the	 seasonal	 mean	 absolute	 precipitation	 biases	 due	 to	
misrepresentations	 in	 the	 WT	 frequencies	 (y-axis)	 and	 the	 residual	 biases	 (x-axis).	 Different	
letters	 show	 different	 simulations	while	 the	 letter	 color	 corresponds	 to	 the	 season.	 The	 error	
bars	 show	the	 influence	of	observational	uncertainties	on	 the	 results	 (range	 in	 results	derived	
with	the	six	observational	data	sets).	The	letter	location	show	results	derived	with	the	average	
observation.	Straight	dashed	lines	indicate	different	contribution	of	the	WT	frequency	bias	to	the	
total	bias	while	dashed	ellipses	show	areas	with	the	same	total	bias.	
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E.3.2 Future	Climate	

In	this	section,	we	investigate	the	changes	in	the	WT	frequency	and	their	effects	on	the	climate	
change	 signals.	 Therefore,	 five	 11-year	 long	 time	 slice	 experiments	were	 conducted	with	 the	
RTTY,	RNTY,	 and	RKTM	physics	which	 include	 the	periods	1990-2000,	 2020-2030,	 2030-2040,	
2050-2060,	 and	 2080-2090.	 Bias-corrected	 data	 from	 the	 CESM	 GCM	 high-end	 emission	
scenario	(RCP8.5)	simulation	are	used	as	the	lateral	boundary	condition.	

	

Figure	 E.10:	 Similar	 as	 Figure	 E.4	 but	 for	 WT	 frequencies	 in	 the	 future	 climate	 simulations.	
Individual	 future	 periods	 are	 shown	 in	 different	 colors.	 The	 spread	 of	 the	 colored	 areas	
corresponds	 to	 the	 spread	 in	 the	WT	 frequencies	 of	 the	 CESM	driven	RTTY,	RNTY,	 and	RKTM	
simulations.	The	gray	shaded	are	shows	the	internal	variability	of	WT	frequencies	and	the	thick	
white	line	shows	the	WT	frequency	within	the	period	1990-200	form	ERA-Interim.	
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The	annual	cycle	of	WT	frequencies	 in	 the	control	and	 future	climate	simulations	 is	 shown	 in	
Figure	 E.10.	 The	 frequencies	 in	 the	 different	 decades	 are	 overlapping,	 for	 most	 WTs.	 The	
differences	are	not	systematic,	which	indicates	that	the	changes	are	related	to	internal	decadal	
variability	rather	than	to	climate	change	forcing.	The	only	change	that	could	be	systematic	and	
climate-induced	 is	an	 increase	 in	WT2	conditions	 in	winter	where	 the	periods	2050-2060	and	
2080-2090	have	more	than	10	%	higher	frequencies	than	the	earlier	periods.	

Average	DJF	climate	change	signals	show	a	wetting	along	the	Pacific	Coast	(except	for	Southern	
California),	which	is	especially	pronounced	in	the	Sierra	and	Cascade	mountains	(Figure	E.11).	In	
addition,	 there	 is	 a	 light	 wetting	 in	 the	 Northeast	 and	 a	 slight	 drying	 in	 the	 Southeast.	 This	
signals	 are	 robust	 and	 occur	 in	 each	 physics	 ensemble	 member	 and	 each	 future	 decade.	
Surprising	 is	 that	 the	climate	change	 signal	 is	not	 intensifying	 for	 later	decades.	 It	 seems	 like	
most	of	the	changes	are	already	in	place	in	the	period	2020-2030	and	that	the	further	increase	
in	greenhouse	gasses	does	not	amplify	 the	 signal	 significantly.	 It	 also	 shows	 that	 the	 internal	
climate	variability	is	fairly	small	compared	to	the	climate	change	signal.	

In	general,	the	climate	change	signal	that	can	be	related	to	changes	in	WT	frequencies	is	much	
smaller	 than	 the	 signal	 that	 is	more	 related	 to	 thermodynamic	 changes.	 The	only	 systematic	
change	due	to	WT	frequency	changes	is	a	drying	in	the	U.S.	Southwest,	which	is	typically	larger	
than	-1	mm/d.	This	finding	is	in	agreement	with	the	overall	small	and	unsystematic	changes	in	
WT	frequencies	in	Figure	E.10.	In	the	other	seasons,	the	WT	frequency	related	climate	change	
signals	are	even	smaller	than	those	in	DFJ	(not	shown).	

The	 absolute	 domain	 average	 climate	 change	 signals	 in	 different	 seasons	 clearly	 show	 the	
dominance	of	 thermodynamic	changes	over	changes	 in	WT	 frequencies	 (Figure	E.12.	12).	WT	
induced	climate	change	signals	only	account	for	~5	%	to	35	%	of	the	total	climate	change	signal.	
WT	frequency	changes	tend	to	have	the	largest	effect	in	DJF	but	the	rtty	simulation	also	has	a	
strong	WT	 induced	 climate	 change	 signal	 in	 SON.	 In	 general,	 the	 climate	 change	 signals	 are	
fairly	 chaotic	 and	 do	 not	 systematically	 depend	 on	 the	 model	 physics,	 the	 season,	 or	 the	
simulated	 decade.	 This	 indicates	 the	 dominance	 of	 internal	 climate	 variability	 in	 the	
precipitation	climate	change	signal	on	decadal	scales.	Averaging	over	longer	periods	might	lead	
to	more	systematic	changes.	
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Figure	 E.11:	 DJF	 mean	 precipitation	 climate	 change	 signal	 in	 the	 RKTM,	 RNTY,	 and	 RTTY	
simulation.	Climate	change	signal	between	the	reference	period	1991	to	2000	and	the	scenario	
periods	2021	to	2030,	2031	to	2040,	2051	to	2060,	and	2081	to	2090	are	shown	top	down.	The	
maps	in	the	left	columns	show	the	mean	climate	change	signals.	The	maps	in	the	middle	column	
show	the	climate	change	signals	due	to	WT	frequency	changes	and	the	maps	in	the	right	column	
show	the	residual	climate	change	signal.	
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E.4 Discussion 

Even	though,	we	derived	12	discrete	WTs	there	is	a	continuous	transition	from	one	WT	to	the	
other	and	for	some	daily	patterns	very	small	nuances	determine	if	they	get	assigned	to	one	WT	

	

Figure	 E.12:	 Scatter	 plot	 showing	 the	 mean	 absolute	 precipitation	 climate	 change	 signal	 in	
different	seasons	(colors)	and	for	different	scenario	periods	(brightens	of	colors).	Climate	change	
signals	 due	 to	 changes	 in	WT	 frequencies	 are	 shown	on	 the	 y-axis	while	 the	 residual	 climate	
change	signals	are	shown	on	the	x-axis.	Different	simulations	are	shown	with	different	symbols.	
Arrays	connect	the	climate	change	signals	of	each	simulation	chronologically.	
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or	another.	Therefore,	 characterizing	 the	WTs	solely	by	 their	 centroids	 (see	Figure	E.3)	 is	not	
sufficient	because	it	does	not	account	for	the	variability	within	the	days	that	belong	to	a	WT.	

Figure	 E.13	 shows	 the	 variability	 of	 daily	 conditions	 within	 a	WT	 for	 the	 reanalysis	 and	 the	
simulations.	Overall	 the	modeled	variability	 is	similar	 to	the	observed.	The	 largest	differences	
occur	 in	 the	 summer	WTs.	 In	WT9	 the	models	have	a	 lower	variability	 than	 the	observations	
while	 for	 WT10-12	 the	 variability	 tends	 to	 be	 higher.	 The	 amount	 of	 the	 overestimation	 is	
dependent	 on	 the	model	 physics.	 The	 simulations	 that	 use	 the	 Kain-Fritsch	 deep	 convection	
scheme	have	the	highest	variability,	especially	in	WT11	and	WT12	situations.	This	indicates	that	

	

Figure	E.13:	Box-whisker	plot	of	the	normalized	euclidean	distance	between	of	each	day	within	a	
weather	 type	 and	 the	 weather	 type	 centroid,	 which	 is	 a	measure	 for	 the	 variability	 of	 daily	
patterns	within	 a	weather	 type.	 The	 dark/light	 green	 shading	 shows	 the	 25	%	 to	 75	%/5	%	 to	
95	%	 spread	 in	 the	 observations.	 The	 boxes	 and	whisked	 show	 the	 same	 for	 the	 simulations.	
Results	for	WTs	are	shown	in	panels.	
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the	large-scale	pattern	in	these	simulations	differ	from	the	associated	WT	centroids	but	also	do	
not	 resemble	 the	 centroids	 of	 the	 other	WTs.	 Therefore,	 some	 days	 in	 the	 simulations	 that	
apply	 Kain-Fritsch	 have	 non-physical	 patterns	 during	 summer	 that	 are	 not	 observed.	 This	 is	
surprising	since	the	simulations	that	use	Kain-Fritsch	have	the	highest	skill	in	capturing	the	WT	
frequencies.	

The	CESM	driven	 simulations	have	very	 similar	 variability’s	 than	 the	ERA-Interim	driven	 runs,	
which	 is	 encouraging	 and	 indicates	 a	 high	 quality	 also	 in	 the	 GCM	 driven	 simulations.	 Some	
small	differences	include	a	slightly	lower	variability	in	the	summer	WTs	(WT8-12)	and	a	slightly	
higher	variability	in	WT2.	Also	in	the	CESM	forced	simulations	the	Kain-Fritsch	scheme	leads	to	
higher	 variability	 in	WT10-12.	 There	 are	 no	 noteworthy	 changes	 in	 the	 far	 future	 time	 slice	
experiments,	 which	 indicates	 that	 the	main	 characteristics	 of	 the	 atmospheric	 dynamics	 are	
fairly	 constant	 over	 time	 and	 that	 the	 effects	 of	 climate	 change	 and	 the	 internal	 climate	
variability	on	WT	frequencies	are	small.	

E.5 Conclusion 

The	presented	novel	method	of	 using	WTs	 to	 evaluate	 the	quality	 of	 regional	 climate	model	
simulations	 and	 the	 attribution	 of	 climate	 change	 signals	 to	 dynamic	 and	 thermodynamic	
components	helps	 to	 improve	 the	physical	understanding	of	 the	model	performance	and	 the	
causes	that	drive	climate	change.	The	ability	of	WRF	to	reproduce	the	observed	WTs	and	the,	
therefore,	 small	 contributions	 of	 WT	 frequency	 biases	 to	 the	 total	 bias	 emphasizes	 the	
importance	of	the	model	physics	and	numerics	for	the	quality	of	simulating	precipitation	over	
the	CONUS.	The	relatively	small	and	unsystematic	impact	of	changes	in	the	frequency	of	WT	on	
future	precipitation	is	surprising.	There	might	be	larger	changes	on	regional	scales	as	shown	by	
e.g.,	Yin	(2005)	or	Lehmann	et	al.	(2014).	

There	 are	 two	 main	 constraints	 in	 this	 study	 that	 are	 caused	 by	 limited	 computational	
resources.	 1)	 The	 evaluation	 of	 11-year-long	 simulations	 can	 be	 strongly	 affected	 by	 internal	
climate	variability	(e.g.,	Deser	et	al.,	2012).	Longer	(typically	30-year	period)	simulations	would	
decrease	 the	 role	 of	 internal	 variability	 in	 the	 analysis	 and	 might	 make	 it	 easier	 to	 detect	
significant	 changes	 in	 the	 future	 periods.	 2)	 Only	 one	 GCM	was	 used	 to	 investigate	 climate	
change	effects.	Previous	 studies	 showed	 that	 the	 selection	of	 the	GCM	 is	 the	main	 source	of	
uncertainties	in	future	climate	projections	(e.g.,	Hawkins	and	Sutton	2009;	Hawkins	and	Sutton	
2011).	 Future	 studies	 could	 investigate	WT	 induced	 climate	 changes	 in	 a	 larger	 ensemble	 of	
GCM	simulations	and	further	explore	the	associated	effects	on	smaller	scale	processes.		
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Appendix	F: Evaluation	 of	 the	 summertime	 diurnal	 cycle	 of	
precipitation	in	the	Climate	Ensemble		

F.1 Introduction 

The	diurnal	cycle	 is	one	of	the	most	 important	and	fundamental	cycles	that	occur	naturally	 in	
the	climate	system.		It	arises	from	the	rotation	of	Earth	about	its	axis	that	causes	changes	in	the	
solar	 radiation	 incident	 on	 the	 surface	 of	 the	 planet	 over	 a	 twenty-four	 hour	 period.	 	 The	
diurnal	cycle	is	evident	in	numerous	meteorological	variables	such	as	temperature,	wind	speed	
and	precipitation.		This	study	focuses	on	the	later	of	these	variables.		

The	 importance	of	 the	diurnal	 cycle	of	 precipitation	 in	 the	 climate	 system	 is	 such	 that	 it	 has	
been	studied	extensively	using	surface	and	satellite	observations.	 	These	studies	show	that	 in	
summer,	 continental	 regions	 typically	 have	 a	 diurnal	 cycle	 with	 an	 afternoon-evening	 peak	
while	ocean	regions	have	a	midnight	to	early	morning	peak.		Furthermore,	the	diurnal	cycle	in	
ocean	 regions	 is	 weaker	 than	 in	 continental	 regions	 where	 the	 mean-to-peak	 amplitude	 is	
between	30	and	100%	compared	to	10-30%	in	ocean	regions.	

There	 are	 exceptions	 to	 these	 observations	 and	 one	 of	 the	most	widely	 known	 and	 studied	
examples	 is	 the	diurnal	cycle	of	precipitation	 in	 the	central	United	States.	 	 In	 this	 region,	 the	
diurnal	cycle	peaks	in	the	early	morning	rather	than	late	afternoon.		Numerous	studies	of	this	
anomalous	 behavior	 (Dai	 et	 al.,	 1999;	 Carbone	 et	 al.,	 2002;	 Lee	 et	 al.,	 2008)	 suggest	 that	 it	
arises	from	the	eastward	propagation	of	mesoscale	convective	systems	originating	in	the	Rocky	
Mountains	 in	conjunction	with	the	 low-level	 jet	 that	brings	moisture	from	the	Gulf	of	Mexico	
into	 the	Great	Plains.	 	Although	many	 characteristics	of	 the	diurnal	 cycle	of	precipitation	are	
well	known,	both	global	climate	models	(GCMs)	and	regional	climate	models	(RCMs)	struggle	to	
simulate	the	diurnal	cycle	of	precipitation.				

Typically,	 climate	models	 simulate	 a	 diurnal	 cycle	 with	 a	 peak	 that	 occurs	 too	 early	 and	 an	
amplitude	 that	 is	 too	 large	 over	 land	 and	 too	 small	 over	 oceans	 (Dai	 and	 Trenberth,	 2004;	
Walther	et	al.,	2013;	Diro	et	al.,	2012;	Mooney	et	al.,	2016).		Most	studies	of	the	precipitation	
diurnal	 cycle	have	 focused	on	 the	 total	 amount	of	 precipitation.	 	However,	modeling	 studies	
which	also	include	analysis	of	the	frequency	of	precipitation	occurrence	and	average	intensity	
per	 occurrence	 provide	 further	 insights.	 	 These	 studies	 have	 shown	 that	 models	 usually	
simulate	 a	 frequency	 of	 occurrence	 that	 is	 too	 high	 and	 the	 average	 intensity	 of	 each	
occurrence	is	too	low;	these	errors	are	then	reduced	when	they	are	multiplied	by	each	other	to	
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produce	 the	 total	amount	of	precipitation.	 	This	behavior	of	models	 is	often	attributed	 to	an	
overly	sensitive	precipitation	trigger	mechanism	in	the	models		(e.g.	Dai	et	al.,	1999;	Brockhaus	
et	al.,	2008;	Clarke	et	al.,	2007;	Diro	et	al.,	2012).		Another	well	known	feature	of	all	models	is	
that	 the	 diurnal	 cycle	 of	 summer	 precipitation	 is	 more	 difficult	 to	 simulate	 than	 the	 winter	
diurnal	 cycle.	 	 These	 modeling	 challenges	 demonstrate	 the	 deficiencies	 in	 the	 current	
understanding	of	the	diurnal	cycle	and	the	physical	mechanisms	that	drive	it	in	certain	regions.	

This	motivates	the	present	study	to	investigate	the	ability	of	a	WRF	multi-physics	ensemble	to	
simulate	the	diurnal	cycle	of	precipitation.		Representation	of	the	diurnal	cycle	of	precipitation	
is	widely	considered	a	good	test	of	many	aspects	of	the	physical	parameterizations	in	a	climate	
model	(Brockhaus	et	al.,	2008;	Mooney	et	al.,	2016).		The	investigation	aims	to	evaluate	WRF’s	
ability	to	simulate	the	diurnal	cycle	and	identify	future	improvements	for	the	model.	

F.2 Data and Methods 

In	 this	 study	an	occurrence	of	precipitation	 is	defined	as	an	amount	greater	 than	2.54mm	 in	
one	hour,	which	is	the	measurement	accuracy	of	most	hourly	rain	gages	in	the	United	States.		
The	 intensity	 per	 occurrence	 in	 that	 1-hr	 period	 can	 be	 obtained	 by	 dividing	 the	 total	
precipitation	in	a	1-hr	period	by	the	number	of	occurrences.	

F.2.1 Clustering	

To	identify	regions	that	possess	a	similar	diurnal	cycle	of	precipitation,	individual	stations	were	
clustered	 or	 grouped	 according	 to	 their	 diurnal	 phase,	 amplitude	 and	 mean	 hourly	
precipitation.	 	 Clustering	was	 conducted	 using	 the	 k-means	 algorithm;	 this	 technique	 assigns	
each	station	from	the	multi-dimensional	feature	space	to	one	of	several	clusters	according	to	a	
distance	based	similarity	criterion.	Each	cluster	 is	defined	by	its	center	point	or	centroid,	with	
stations	being	assigned	to	the	cluster	for	which	the	centroid	is	nearest.			

The	 Silhouette	 index	 (Rousseeuw,	1987)	 is	 used	 to	 identify	 the	optimum	number	of	 clusters.		
This	measure	considers	both	the	within	cluster	cohesion	and	between	cluster	separation.		The	
Silhouette	index	varies	between	−1	to	1,	with	higher	values	indicating	a	better	clustering	result.	
The	 number	 of	 clusters	 that	 returns	 the	 highest	 average	 Silhouette	 index	 is	 retained	 as	 the	
optimum	number	of	clusters.	

In	 this	 study,	 the	Silhouette	 index	 identified	 seven	 clusters	 as	 the	optimum	number.	 	One	of	
these	clusters	contained	two	groups	of	stations	that	were	separated	by	a	large	spatial	distance.		
Although,	these	two	groups	have	similar	diurnal	cycles,	the	physical	mechanism	for	each	one	is	
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different.		Therefore,	this	cluster	was	divided	into	two	for	our	analysis:	one	located	in	the	South	
East	 and	 the	other	 in	 the	 Eastern	Colorado-Kansas	 region.	 	 The	eight	 clusters	 of	 stations	 are	
shown	in	Figure	F.1.	

	

F.2.2 Harmonic	Analysis	

Harmonic	analysis	was	applied	to	both	model	and	observed	data	to	determine	the	percentage	
of	variance	explained	by	the	diurnal	component	of	the	time	series.		The	amplitude	and	phase	of	
the	diurnal	cycle	at	each	station	was	also	determined	using	harmonic	analysis.	 	The	approach	
used	in	this	study	is	outlined	in	detail	in	Mooney	et	al.	(2016).		An	example	of	this	approach	is	
shown	in	Figure	F.2,	which	shows	the	observed	hourly	values	for	the	South	East	region	(Cluster	
1)	averaged	over	211	stations.		Also	shown	in	this	figure	is	the	reconstructed	time	series	from	
the	 harmonic	 analysis	 and	 its	 amplitude	 and	 phase	 that	 indicates	 the	 time	 of	 maximum	
precipitation.		In	this	region,	87%	of	the	variance	is	explained	by	the	diurnal	component.		This	
strength	of	the	diurnal	component	in	this	region	is	also	evident	from	the	similarity	between	the	
reconstructed	time	series	from	the	harmonic	analysis	and	the	observed	hourly	values.	

Figure	F.1:	Map	of	the	station	locations	and	their	associated	clusters.	
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F.2.3 Observed	station	data	

The	 DSI-3240	 station	 dataset	 provided	 by	 the	 National	 Climate	 Data	 Center	 is	 used	 as	 a	

reference	 to	 evaluate	 the	 simulated	 hourly	 precipitation	 (Hammer	 and	 Steurer,	 1997).	 Only	

stations	that	observed	precipitation	as	tenths	of	inches	(2.54	mm/h)	and	have	data	coverage	of	

at	least	80	%	within	the	period	1991	to	2000	were	included.	The	observations	are	controlled	for	

losses	due	to	evaporation,	errors	due	to	melting	of	frozen	precipitation,	and	suspiciously	high	

precipitation	 amounts	 (Hammer	 and	 Steurer,	 1997).	 Suspicious	 records	 were	 set	 to	 missing	

values.	In	total	2,141	stations	have	been	used	for	the	analysis.		

	

Figure	F.2:	Observed	average	amount	of	precipitation	per	summer	for	each	hour	
averaged	 over	 211	 stations	 in	 Cluster	 1	 (black	 line).	 Also	 shown	 is	 the	 cosine	
function	 that	 is	 fitted	 to	 the	 observed	 diurnal	 cycle	 using	 harmonic	 analysis	
(orange	 line).	The	amplitude	 and	 the	phase	of	 the	 diurnal	 cycle	 obtained	 from	
the	 harmonic	 analysis	 are	 also	 indicated.	 Whisker	 and	 boxplots	 for	 the	
observations	were	calculated	based	on	1000	bootstrapped	samples	for	each	hour	
and	show	an	estimation	of	the	uncertainty	in	the	cluster.	
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A	composite	diurnal	cycle	for	each	of	the	clusters	described	above	was	obtained	by	averaging	
the	 diurnal	 cycle	 of	 all	 the	 stations	 in	 a	 cluster.	 For	 the	 observations,	 an	 estimation	 of	 the	
confidence	 intervals	 around	 the	 observed	 values	 was	 obtained	 from	 calculations	 based	 on	
1,000	bootstrapped	samples.	This	is	indicated	by	the	whisker	and	boxplots	for	the	observations	
shown	in	Figure	F.2	to	Figure	F.7.	

F.2.4 Modeled	data	

The	multi-physics	regional	climate	ensemble	used	in	this	study	is	described	in	detail	in	Chapter	
3	of	 this	 report.	For	completeness,	a	brief	description	of	 the	ensemble	 is	provided	here.	This	
multi-physics	ensemble	uses	the	Advanced	Research	Weather	Research	and	Forecasting	(WRF)	
model	 (version	3.5.1)	 to	simulate	the	climate	of	North	America	over	the	period	1990-2000.	A	
one-year	spin-up	period	is	employed	and	the	period	1991-2000	is	analyzed	in	this	study.	Initial	
and	lateral	boundary	conditions	are	provided	by	ERA-Interim	(Dee	et	al.,	2011)	which	previous	
studies	 (Mooney	 et	 al.,	 2011)	 have	 shown	 skillfully	 reproduces	many	 aspects	 of	 the	 climate	
system.	 	All	 simulations	use	 the	Noah	 land	surface	model	 (Ek	and	Mahrt,	1991),	which	 is	 the	
most	 frequently	 used	 land	 surface	 model	 in	 climate	 modeling	 studies	 with	 the	 WRF	 model	
(Mooney	et	al.,	2013).	 	The	remaining	categories	of	physical	parameterizations	were	varied	in	
the	ensemble	and	they	are	summarized	in	Chapter	3	of	this	report.		

For	 comparison	 with	 the	 observational	 data,	 simulated	 hourly	 precipitation	 at	 each	 station	
location	 is	 estimated	 by	 inverse	 distance	 averaging	 the	 four	 closest	 grid	 points	 around	 each	
station.		The	simulated	precipitation	is	also	discretized	into	2.54	mm/h	bins	in	agreement	with	
the	precision	of	the	observational	instruments	at	each	location.			

The	average	simulated	diurnal	cycle	over	all	stations	in	a	cluster	is	compared	with	the	average	
observed	diurnal	 cycle	 in	each	cluster.	 	Comparing	 seasonal	averages	over	 tens	of	grid	boxes	
with	 an	 average	 over	 an	 equal	 number	 of	 observing	 stations	 reduces	 the	 problem	 of	 the	
incomparability	of	precipitation	at	a	single	point	with	the	amount	averaged	over	an	individual	
grid	box	which	 is	also	prone	to	 ‘noise’	caused	by	synoptic	and	mesoscale	variability	 that	may	
blur	the	convective	peak	(Brockhaus	et	al.,	2008).	
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F.3 Results 

F.3.1 Observed	diurnal	cycle	

Figure	F.3(a)-(f)	shows	the	phase	and	the	amplitude	for	the	observed	diurnal	cycle	of	amount,	
number	of	occurrences	and	intensity	per	occurrence.		In	the	eastern	and	western	parts	of	the	
United	States,	the	diurnal	cycle	of	precipitation	amount	peaks	 in	the	 late	afternoon	and	early	
evening.	 	 This	 is	 consistent	 with	 other	 studies	 (Dai	 and	 Trenberth,	 2004)	 and	 is	 the	 typical	
behavior	of	the	diurnal	cycle	in	continental	regions.		Moving	from	the	Rockies	across	the	plains	
to	 the	Missisippi	River,	 the	peak	of	 the	diurnal	cycle	of	amount	 transitions	 from	 late	night	 to	
early	morning.		This	also	agrees	with	previous	studies	(Dai	and	Trenberth,	2004)	and	is	widely	
attributed	to	both	the	eastward	movement	of	mesoscale	convective	systems	that	originate	 in	
the	Rockies	and	the	Southerly-Low	Level	Jet.		

Throughout	most	of	the	United	States	the	amplitude	of	the	diurnal	cycle	is	less	than	5	mm.		The	
are	 three	 regions	 that	are	exceptions	 to	 this	and	 the	most	notable	of	 them	 is	 the	Gulf	Coast	
where	the	amplitudes	can	be	as	high	as	25	mm.	 	The	other	two	regions	–	the	southwest	and	
Eastern	Colorado-Kansas	region	–	have	amplitudes	that	are	approximately	8	mm.			

Figure	 F.3(c)	 shows	 the	 phase	 of	 the	 diurnal	 cycle	 of	 occurrences	 that	 is	 very	 similar	 to	 the	
phase	 of	 the	 diurnal	 cycle	 of	 amount;	 a	 typical	 continental	 peak	 in	 the	 late	 afternoon-early	
evening	in	the	east	and	west,	and	a	propagating	late	night-early	morning	phase	that	moves	east	
across	 the	 central	 United	 States.	 	 This	 is	 consistent	 with	 the	 current	 understanding	 of	 the	
diurnal	cycle,	that	is,	the	diurnal	cycle	is	largely	driven	by	the	occurrence	and	not	the	intensity	
of	precipitation	(Dai	et	al.,	1999).			

The	 amplitude	 of	 the	 diurnal	 cycle	 of	 precipitation	 occurrence	 also	 shows	 a	 similar	 spatial	
pattern	as	the	diurnal	cycle	of	precipitation	amount.		The	highest	amplitudes	are	evident	in	the	
Gulf	 Coast,	 the	 South-East	 and	 the	 Eastern	 Colorado-Kansas	 region.	 	 However,	 unlike	 the	
diurnal	cycle	of	amount,	the	regions	with	higher	amplitudes	span	larger	regions.		For	example,	
in	the	Eastern	Colorado-Kansas	region,	there	are	above	average	amplitudes	in	the	neighboring	
states	of	New	Mexico,	Oklahoma	and	Nebraska.			
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Figure	F.3(e)	shows	the	phase	of	the	diurnal	cycle	of	intensity	per	occurrence.		The	peak	of	this	
diurnal	 cycle	 generally	 occurs	 late	 in	 the	 evening	 throughout	 the	 entire	 United	 States.	 	 The	
amplitude	of	the	diurnal	cycle	of	 intensity	per	occurrence	 is	shown	in	Figure	F.3(f)	where	 it	 is	
evident	 that	 the	amplitude	west	of	 the	Rockies	 is	usually	 less	 than	1	mm/h	while	east	of	 the	
Rockies	is	usually	between	1-2	mm/h.	

F.3.2 Simulate	diurnal	cycle	

Figure	F.4	(a)-(f)	shows	both	the	observed	and	simulated	diurnal	cycle	of	precipitation	amount,	
occurrence	 and	 intensity	 in	 summer	 for	 two	 distinct	 regions	 in	 the	 United	 States.	 	 	 These	

Figure	F.3:	 (a).	Phase	of	the	diurnal	cycle	of	precipitation	amount	at	each	of	the	2,141	
stations.	(b)	Amplitude	of	the	observed	diurnal	cycle	of	precipitation	amount.	(c)	same	
as	 (a)	 except	 for	 diurnal	 cycle	 of	 frequency	 of	 occurrence.	 (d)	 same	 as	 (b)	 except	 for	
diurnal	 cycle	 of	 frequency	 of	 occurrence.	 (e)	 same	 as	 (a)	 except	 for	 diurnal	 cycle	 of	
intensity	 per	 occurrence.	 (f)	 same	 as	 (b)	 except	 for	 diurnal	 cycle	 of	 intensity	 per	
occurrence.	
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regions	 were	 identified	 by	 the	 clustering	 approach	 outlined	 in	 the	 previous	 section	 and	 are	
shown	in	Figure	F.1	as	the	Gulf	Coast	and	Central	US.			

As	shown	in	Figure	F.4(a),	 the	Gulf	Coast	has	a	diurnal	cycle	that	peaks	 in	the	 late	afternoon-
early	 evening	 and	has	 an	 amplitude	of	 18.7	 ±	 0.5	mm.	 The	 simulated	diurnal	 cycle	 shown	 in	
Figure	 F.4(a)	 is	 divided	 into	 three	 groups	 according	 to	 the	 cumulus	 scheme	 used	 in	 the	
simulation.		The	average	hourly	value	of	each	group	is	indicated	by	the	thick	colored	lines.		The	
shaded	regions	around	each	line	indicate	one	standard	deviation	for	that	group.	 	No	group	of	
simulations	 accurately	 reproduces	 the	 observed	 diurnal	 cycle	 of	 amount.	 	 Each	 group	 of	
simulations	have	a	diurnal	cycle	of	amount	that	peaks	 too	early	and	has	an	amplitude	that	 is	
too	large.		The	group	of	simulations	that	use	the	Kain-Fritsch	scheme	has	a	diurnal	cycle	that	is	
most	similar	to	the	observations.			

Figure	F.4(c)	 shows	 that	 the	observed	diurnal	 cycle	of	occurrence	also	has	a	peak	 in	 the	 late	
afternoon	and	a	 large	amplitude.	 	The	simulated	diurnal	cycles	of	occurrence	have	peaks	that	
occur	too	early	and	amplitudes	that	are	too	high.		All	simulations	overpredict	the	occurrence	of	
precipitation.	 	The	amplitude	of	the	diurnal	cycle	of	occurrence	is	simulated	marginally	better	
by	the	NSAS	group	of	simulations	than	by	the	other	groups.		However,	the	simulations	using	the	
Kain-Fritsch	 scheme	 simulate	 a	 peak	 that	 occurs	 at	 a	 time	 that	 is	 closer	 to	 the	 time	 of	 the	
observed	peak.	

Figure	F.4(e)	shows	that	the	observed	diurnal	cycle	of	intensity	per	occurrence	has	a	peak	in	the	
late	afternoon	and	an	amplitude	of	0.23	±	0.06	mm/h.		Both	the	Kain-Fritsch	and	Tiedtke	group	
of	simulations	show	a	diurnal	cycle	with	a	peak	that	occurs	too	early	and	an	amplitude	that	is	
too	 small	 compared	 to	 the	 observed	 amplitude.	 	 NSAS	 simulations	 generally	 have	 an	 early	
afternoon	peak,	which	agrees	more	with	the	observations,	but	 it	has	an	amplitude	that	 is	too	
small	 compared	 to	 the	 observed	 amplitude.	 	 All	 simulations	 underestimate	 the	 intensity	 per	
occurrence	in	this	region.	

Figure	 F.4(b)	 shows	 the	diurnal	 cycle	of	 precipitation	 amount	over	 the	Central	US	where	 the	
observed	diurnal	 cycle	has	 an	anomalous	morning	peak	 time	of	 4:30	 local	 time.	 	 Simulations	
with	Kain-Fritsch	and	Tiedtke	simulate	a	peak	time	that	occurs	too	late	at	approximately	15:30	
and	12:30	local	time.		Simulations	with	the	NSAS	scheme	produce	a	morning	peak	that	occurs	
closer	to	the	observations,	however,	it	still	too	early.		Both	NSAS	and	Tiedtke	simulation	have	a	
diurnal	cycle	of	amount	with	an	amplitude	similar	to	the	observations;	Kain-Fritsch	simulations	
have	an	amplitude	that	is	larger	than	the	observed	amplitude.	
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The	 diurnal	 cycle	 of	 occurrences	 in	 the	 Central	 US	 is	 shown	 in	 Figure	 F.4(d).	 	 The	 observed	
diurnal	cycle	of	occurrence	has	a	peak	that	occurs	in	the	early	morning.		Simulations	using	the	
NSAS	 scheme	 have	 a	 peak	 that	 occurs	 closer	 to	 the	 observations	 than	 simulations	 using	 the	
other	 schemes.	 	 In	 this	 region,	 all	 simulations	 overestimate	 the	 number	 of	 occurrences	 and	
have	an	amplitude	that	is	too	large	compared	with	the	observations.			

It	is	evident	from	Figure	F.4(f)	that	the	observed	diurnal	cycle	of	intensity	has	a	peak	that	occurs	
late	at	night.	 	All	 simulations	have	a	diurnal	 cycle	 in	 this	 region	with	a	peak	occurring	 late	at	
night.	 	However,	all	 simulations	underestimate	the	 intensity	of	precipitation	and	their	diurnal	
cycles	have	amplitudes	that	are	too	small	compared	with	the	observed	diurnal	cycle	of	intensity	
in	the	Central	US.	

The	influence	of	the	radiation	schemes	on	WRF’s	ability	to	simulate	the	diurnal	cycle	is	shown	in	
Figure	 F.5(a)-(f).	 	 In	 the	 Gulf	 Coast	 region,	 Figure	 F.5(a)	 shows	 that	 the	 amplitude	 of	 the	
simulated	diurnal	cycle	of	amount	is	influenced	by	the	representation	of	radiation	processes	in	
the	WRF	model.	 	However,	 it	 has	 little	 influence	on	 the	 time	at	which	 the	peak	occurs.	 	 The	
amplitude	 of	 the	 diurnal	 cycle	 of	 amount	 simulated	 with	 the	 CAM	 scheme	 is	 in	 better	
agreement	with	the	observed	diurnal	cycle	than	the	amplitude	simulated	with	RRTMG.		

The	 amplitude	 of	 the	 simulated	 diurnal	 cycle	 of	 occurrence	 shown	 in	 Figure	 F.5(c)	 is	 also	
influenced	 by	 the	 radiation	 schemes.	 	 All	 simulations	 overestimate	 the	 amplitude	 but	
simulations	using	CAM	are	closer	to	the	observed	amplitude.		The	radiation	schemes	show	no	
influence	 on	 the	 phase	 of	 the	 diurnal	 cycle.	 	 Figure	 F.5(e)	 shows	 that	 the	 radiation	 schemes	
have	no	influence	on	either	the	phase	or	the	amplitude	of	the	diurnal	cycle	of	intensity	in	the	
Gulf	Coast.	

Figure	 F.5(b)	 shows	 that	 the	 radiation	 schemes	 exert	 a	 small	 influence	 on	 amplitude	 of	 the	
diurnal	 cycle	 of	 amount	 in	 the	 Central	 US	 cluster	 where	 the	 observed	 diurnal	 cycle	 has	 an	
anomalous	 early	 morning	 peak.	 	 The	 radiation	 schemes	 show	 no	 influence	 on	 the	 phase	 of	
diurnal	cycle	of	amount.		Similarly	in	Figure	F.5(d),	WRF’s	ability	to	simulate	the	diurnal	cycle	of	
occurrence	 is	 slightly	 influenced	by	 the	 radiation	 schemes.	 	While	 the	 schemes	 influence	 the	
model’s	 ability	 to	 simulate	 the	 amplitude	 they	 have	 no	 clear	 influence	 on	 the	 phase	 of	 the	
simulated	diurnal	cycle	of	occurrence	in	this	region.		As	in	the	Gulf	Coast	region,	the	simulations	
are	not	influenced	by	the	radiation	schemes.			
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Figure	F.4:	(a)	Mean	diurnal	cycle	of	precipitation	amount	in	the	north-east	cluster	for	
the	observations	 (boxplots)	and	 the	ensemble	mean	of	 simulations	using	 the	Tiedtke	
scheme,	the	Kain-Fritsch	scheme	and	the	NSAS	scheme.		(b)	Same	as	(a)	except	for	the	
Gulf	Coast	cluster.	(c)	same	as	(a)	except	for	the	Central	US	cluster.		 (d)	Mean	diurnal	
cycle	 of	 precipitation	 occurrence	 in	 the	 north-east	 cluster	 for	 the	 observations	
(boxplots)	and	the	ensemble	mean	of	simulations	using	the	Tiedtke	scheme,	the	Kain-
Fritsch	scheme	and	the	NSAS	scheme.		(e)	Same	as	(d)	except	for	the	Gulf	Coast	cluster.	
(f)	same	as	(d)	except	for	the	Central	US	cluster.		(g)	Mean	diurnal	cycle	of	precipitation	
intensity	 in	 the	 north-east	 cluster	 for	 the	 observations	 (boxplots)	 and	 the	 ensemble	
mean	of	simulations	using	the	Tiedtke	scheme,	the	Kain-Fritsch	scheme	and	the	NSAS	
scheme.	(h)	Same	as	(g)	except	for	the	Gulf	Coast	cluster.	(i)	same	as	(g)	except	for	the	
Central	US	cluster.	
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Investigations	on	the	 influence	of	the	planetary	boundary	 layer	schemes	on	the	simulation	of	

the	diurnal	cycle	show	that	they	have	no	significant	 influence	of	the	simulated	diurnal	cycles.		

This	 is	 evident	 from	 Figure	 F.6(a)-(f)	 which	 shows	 the	 mean	 diurnal	 cycles	 simulated	 in	

simulations	using	different	the	planetary	boundary	layer	schemes	over	the	Gulf	Coast	and	the	

Central	 US.	 	 Similarly,	 Figure	 F.7(a)-(f)	 show	 that	 the	 microphysics	 schemes	 also	 did	 not	

influence	 the	 model’s	 ability	 to	 simulate	 the	 diurnal	 cycle	 of	 precipitation,	 even	 in	 such	

challenging	regions	as	the	Central	US.			

F.4 Discussion/Conclusion 

All	simulations	overestimate	the	frequency	of	occurrence	and	underestimate	the	intensity	per	

occurrence.	 	 This	 is	 likely	 due	 to	 an	 overly	 sensitive	 trigger	 function	 in	 the	 cumulus	

parameterizations.	 	 These	 parameterizations	 exert	 a	 strong	 influence	 on	 WRF’s	 ability	 to	

simulate	 the	 diurnal	 cycle	 of	 precipitation.	 	 In	 general,	 the	 NSAS	 cumulus	 scheme	 generally	

produces	 better	 simulations	 of	 the	 diurnal	 cycle	 of	 precipitation	 than	 either	 Kain-Fritsch	 or	

Tiedtke.			

The	representation	of	radiation	processes	in	WRF	also	influences	the	model’s	ability	to	simulate	

the	diurnal	cycle	of	precipitation	but	to	a	much	lesser	extent.		Their	influence	is	mostly	on	the	

amplitude	of	 the	diurnal	 cycle	with	only	a	minor	 influence	on	 the	phase	of	 the	diurnal	 cycle.		

Simulations	 using	 the	 CAM	 radiation	 schemes	 outperform	 those	 using	 the	 RRTMG	 radiation	

schemes.			

Representation	of	 the	planetary	boundary	 layer	 and	microphysical	 processes	has	 a	 negligible	

influence	on	WRF’s	ability	to	simulate	the	diurnal	cycle	of	precipitation.	

The	diurnal	cycle	of	precipitation	in	the	central	United	States	is	controlled	by	factors	unique	to	

the	region,	such	as,	the	propagation	of	the	mesoscale	convective	systems	from	the	Rockies	and	

the	Southerly-Low	Level	Jet.	 	This	presents	a	unique	challenge	for	all	regional	climate	models,	

including	WRF.		In	general,	the	multiphysics	ensemble	performs	poorly	in	this	region	compared	

to	the	other	regions.		WRF’s	ability	to	simulate	this	cycle	is	strongly	influenced	by	the	cumulus	

scheme	and	NSAS	outperforms	the	other	schemes	in	this	region	also.		In	all	regions,	Kain-Fritsch	

and	Tiedtke	simulations	have	a	phase	that	occurs	between	12:00-15:00	local	time,	even	in	this	

anomalous	 region	 where	 observations	 show	 a	 clear	 early	 morning	 peak.	 	 Unlike	 the	 other	

schemes,	NSAS	produces	a	peak	at	night	that	agrees	more	closer	with	the	observations.	
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Figure	F.5:	(a).	Mean	diurnal	cycle	of	precipitation	amount	in	the	north-east	cluster	for	the	
observations	(boxplots)	and	the	ensemble	mean	of	simulations	using	the	RRTMG	and	CAM	
radiation	schemes.		(b)	Same	as	(a)	except	for	the	Gulf	Coast	cluster.	(c)	same	as	(a)	except	
for	the	Central	US	cluster.		(d)	Mean	diurnal	cycle	of	precipitation	occurrence	in	the	north-
east	cluster	for	the	observations	(boxplots)	and	the	ensemble	mean	of	simulations	using	the	
RRTMG	and	CAM	radiation	schemes.	 	(e)	Same	as	(d)	except	for	the	Gulf	Coast	cluster.	 (f)	
same	 as	 (d)	 except	 for	 the	 Central	 US	 cluster.	 	 (g)	 Mean	 diurnal	 cycle	 of	 precipitation	
intensity	in	the	north-east	cluster	for	the	observations	(boxplots)	and	the	ensemble	mean	
of	simulations	using	the	RRTMG	and	CAM	radiation	schemes.	(h)	Same	as	(g)	except	for	the	
Gulf	Coast	cluster.	(i)	same	as	(g)	except	for	the	Central	US	cluster.	



141	

	

	

In	 conclusion,	WRF’s	 ability	 to	 simulate	 the	 diurnal	 cycle	 of	 precipitation	 is	 similar	 to	 other	
regional	climate	models	and	its	representation	of	convective	processes	in	the	atmosphere	is	the	
most	 influential	 factor.	 	 The	 representation	of	 the	processes	by	 the	NSAS	cumulus	 scheme	 is	
better	than	the	other	the	schemes,	particularly	in	the	central	US.		Future	research	should	focus	
on	improving	NSAS’s	ability	to	represent	these	processes	as	it	can	provide	crucial	insights	to	the	
diurnal	cycle	of	precipitation	in	the	central	United	States.	

Figure	F.6:	(a).	Mean	diurnal	cycle	of	precipitation	amount	in	the	north-east	cluster	for	the	
observations	 (boxplots)	 and	 the	 ensemble	mean	 of	 simulations	 using	 the	MYJ	 and	 YSU	
PBL	schemes.		(b)	Same	as	(a)	except	for	the	Gulf	Coast	cluster.	(c)	same	as	(a)	except	for	
the	Central	US	cluster.	 	 (d)	Mean	diurnal	 cycle	of	precipitation	occurrence	 in	 the	north-
east	cluster	for	the	observations	(boxplots)	and	the	ensemble	mean	of	simulations	using	
the	MYJ	and	YSU	PBL	schemes.		(e)	Same	as	(d)	except	for	the	Gulf	Coast	cluster.	(f)	same	
as	(d)	except	for	the	Central	US	cluster.		(g)	Mean	diurnal	cycle	of	precipitation	intensity	in	
the	 north-east	 cluster	 for	 the	 observations	 (boxplots)	 and	 the	 ensemble	 mean	 of	
simulations	using	the	MYJ	and	YSU	PBL	schemes.	(h)	Same	as	(g)	except	for	the	Gulf	Coast	
cluster.	(i)	same	as	(g)	except	for	the	Central	US	cluster.	
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Figure	F.7:	(a).	Mean	diurnal	cycle	of	precipitation	amount	in	the	north-east	cluster	for	
the	observations	(boxplots)	and	the	ensemble	mean	of	simulations	using	the	WSM6	and	
Thompson	microphysics	schemes.		(b)	Same	as	(a)	except	for	the	Gulf	Coast	cluster.	(c)	
same	 as	 (a)	 except	 for	 the	 Central	US	cluster.	 	 (d)	Mean	diurnal	 cycle	of	precipitation	
occurrence	 in	 the	north-east	 cluster	 for	 the	observations	(boxplots)	and	 the	ensemble	
mean	of	simulations	using	the	WSM6	and	Thompson	microphysics	schemes.	 	 (e)	Same	
as	(d)	except	for	the	Gulf	Coast	cluster.	(f)	same	as	(d)	except	for	the	Central	US	cluster.		
(g)	 Mean	 diurnal	 cycle	 of	 precipitation	 intensity	 in	 the	 north-east	 cluster	 for	 the	
observations	 (boxplots)	 and	 the	 ensemble	mean	 of	 simulations	 using	 the	WSM6	 and	
Thompson	microphysics	 schemes.	 (h)	Same	as	 (g)	except	 for	 the	Gulf	Coast	 cluster.	 (i)	
same	as	(g)	except	for	the	Central	US	cluster.	
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Appendix	G: Metocean	 Conditions	 in	 Future	 Hurricane	
Environments	

G.1 Introduction 

The	North	Atlantic	basin	has	experienced	oscillations	in	hurricane	activity	from	one	decade	to	
the	 next	 bringing	 with	 it	 dramatic	 swings	 in	 metocean	 conditions.	 The	 changes	 in	 extreme	
conditions	 arise	mainly	 from	 variations	 in	 tropical	 cyclone	 (TC)	 frequency,	 intensity,	 size	 and	
forward	 speed.	 	 In	 addition,	 the	 most	 intense	 hurricanes	 have	 been	 changing	 over	 recent	
decades	(Holland	and	Bruyère,	2014),	and,	according	to	recent	assessments,	hurricane	intensity	
is	 projected	 to	 increase	 in	 the	 future	 (Walsh	 et	 al.,	 2016;	 Knutson	 et	 al.,	 2013;	 Done	 et	 al.,	
2015a;	Tye	et	al.,	2014).	In	addition	to	changes	in	hurricane	intensity,	the	potential	for	changes	
in	hurricane	 size	 and	 translation	 speed	will	 also	 impact	damaging	waves	 and	 currents.	 These	
unknowns	 present	 potential	 safety,	 environment	 and	 production	 risks	 of	 an	 uncertain	
magnitude.	Offshore	facilities	may	be	under-designed,	and	older	facilities	may	need	hardening	
in	order	to	maintain	presently	accepted	risk	levels.	

Loading	on	facilities	is	a	complex	function	of	characteristics	of	the	wind	field	and	characteristics	
of	the	wave	field	and	ocean	currents.	Accurate	estimates	of	loading	are	critical	to	avoid	damage	
in	 the	 case	 of	 underestimation	 and	 unwarranted	 costs	 in	 the	 case	 of	 overestimation.	Wind,	
waves,	 and	 currents	 (WWC)	 are	 largely	 independent	 except	 under	 extreme	 conditions.	
Hurricanes	 alter	 the	 surface	 temperature	 of	 the	 ocean	 over	 which	 they	 pass	 (Price,	 1981)	
through	 wind-driven	 ocean	 mixing	 across	 the	 thermocline	 and	 the	 excitation	 of	 inertial	
oscillations	in	the	wake	of	the	storm	that	can	lead	to	substantial	additional	mixing	and	cooling	
of	 the	 upper	 ocean.	 The	 cooler	 sea	 surface	 temperatures	 can	 in	 turn	 feedback	 to	 the	
atmosphere	 and	weaken	 the	 storm.	 Simple	 empirical	 relationships	 between	WWC	 therefore	
miss	some	of	the	essential	physics	under	hurricane	conditions,	requiring	a	dynamical	modeling	
approach	that	accounts	for	the	non-linear	processes	that	result	in	high-impact	extreme	loading	
events.	 Statistical	 methods	 may	 also	 be	 applied	 to	 generate	 robust	 assessments	 and	
characterize	uncertainty.	

This	 chapter	 explores	 methods	 to	 assess	 and	 predict	 future	 changes	 in	 industry	 hurricane	
impacts	that	have	the	potential	to	mitigate	costs	of	 future	hurricanes	and	maximize	potential	
benefits.	First,	the	capacity	of	a	fully	coupled	WWC	dynamical	modeling	system	to	capture	full	
metocean	 hurricane	 conditions	 is	 explored	 through	 a	 case	 study	 simulation	 of	 Hurricane	
Katrina.	Katrina	resulted	 in	major	 losses	to	the	offshore	energy	 industry,	 including	damage	to	
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numerous	offshore	facilities	and	severe	damage	to	Royal	Dutch	Shell’s	Mars	platform	that	was	

built	 to	 withstand	 140mph	 winds	 and	 simultaneous	 70ft	 waves	 (Hays,	 2007).	 Second,	 the	

benefits	 of	 a	 more	 controlled	 simulation	 system	 are	 explored	 for	 WWC	 simulation.	 This	

simulation	system	drives	wave	and	current	models	with	reconstructed	historical	hurricane	wind	

fields,	and	is	applied	to	a	suite	of	ten	historical	Gulf	of	Mexico	hurricanes	to	build	up	historical	

benchmark	WWC	 statistics.	 This	 emphasis	 on	 case	 study	 scenarios	 rather	 than	 free-running	

climate	 simulations	 has	 the	 advantage	 of	 assessing	 historical	 hurricanes	 under	 different	

scenarios,	rather	than	looking	at	simulated	events	in	a	free-running	regional	climate	simulation	

that,	 although	 physically	 possible,	 do	 not	 have	 one-to-one	 correspondence	 with	 historical	

hurricanes.	 Finally,	 the	 suite	 of	 historical	 hurricane	 case	 studies	 is	 simulated	 again	 under	

idealized	future	climate	scenarios	to	explore	possible	future	changes	to	metocean	conditions.	

G.2 Fully Coupled Wind-Wave-Current Simulations 

The	 capacity	 of	 the	 Coupled-Ocean-Atmosphere-Wave-Sediment	 Transport	 Modeling	 System	

(COAWST:	Warner	et	al.,	2010)	to	simulate	winds,	waves	and	current	is	explored	here	through	

the	case	 study	of	Hurricane	Katrina.	This	 simulation	 system	comprises	 the	Weather	Research	

and	 Forecasting	 (WRF:	 Skamarock	 et	 al.,	 2008)	 atmospheric	 model,	 the	 Regional	 Ocean	

Modeling	 System	 (ROMS:	 Shchepetkin	 and	 McWilliams,	 2005),	 and	 the	 Shallow	 Waves	

Nearshore	(SWAN:	Booij	et	al.,	1999)	model.	WRF	has	similar	physical	and	numerical	options	as	

used	for	the	ensemble	simulations	described	earlier	in	this	report	and	uses	12km	grid	spacing.	

ROMS	is	a	free	surface	hydrostatic	primitive	equation	model	and	uses	12km	grid	spacing	on	a	

159x159	grid	with	16	vertical	 sigma	 layers.	Open	boundaries	along	 the	eastern	and	 southern	

portions	of	the	domain	are	specified	with	values	from	the	1/25°,	HYCOM	+	NCODA	Southeast	

United	 States	 analysis	 (2003	 -	 2010)	 or	 the	HYCOM	+	NCODA	Global	 1/12°	 Reanalysis	 (1995-

2012).	Boundary	data	for	SWAN	are	provided	by	3-hourly	output	from	the	10	arc	minute	North	

Atlantic	 regional	 wave	 spectral	 model	 WAVEWATCH	 III.	 We	 use	 36	 directional	 bins	 and	 24	

frequency	 bins	 of	 1s	 width	 between	 1	 and	 25s.	 Nonlinear	 quadruplet	 wave	 interactions	 are	

activated,	 wave	 bottom	 friction	 is	 parameterized	 using	 the	 Jonswap	 formulation,	 and	 the	

depth-induced	 breaking	 constant	 is	 set	 to	 0.73.	 Whitecapping	 is	 activated	 and	 wind-wave	

growth	is	generated	using	the	Komen	formulation.	The	drag	coefficient	is	capped	at	0.0022,	and	

data	exchange	between	ROMS	and	SWAN	occurs	every	10	minutes.	SWAN	 is	 spun	up	 from	a	

state	of	rest	after	initial	time.			

For	the	simulation	of	Hurricane	Katrina,	ocean	currents	and	significant	wave	heights	were	well	

simulated	out	 in	 the	open	Gulf.	Yet	closer	 to	shore,	 the	simulated	wave	heights	were	muted,	

possibly	 due	 to	 the	 weaker	 simulated	 winds	 than	 observed.	 Figure	 G.1	 presents	 a	 more	
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thorough	evaluation	of	the	simulated	significant	wave	heights	using	buoy	data	from	two	buoys:	
42040	 in	 the	 open	Gulf	 and	 42007	 near-shore.	 	 At	 buoy	 42040,	 the	 simulation	 captured	 the	
time	evolution	of	observed	significant	wave	height	but	missed	the	peak	value	by	about	3m.	At	
buoy	 42007,	 the	 simulation	 captured	 only	 about	 50	 percent	 of	 the	 observed	 wave	 heights	
(Figure	G.1).	This	could	be	due	to	the	low	wind	speed	bias	of	the	simulations.		

	

Figure	G.1:	Timeseries	of	 significant	wave	height	at	 the	 locations	of	 two	buoys:	
42040	(top),	and	42007	(bottom).	Buoy	observations	are	shown	by	the	black	line	
and	 simulated	 wave	 heights	 are	 shown	 every	 6	 hours	 by	 the	 symbols.	 Four	
simulations	 are	 shown,	 each	 using	 slightly	 different	 representations	 of	 physical	
processes	in	the	atmospheric	model.	Figure	from	Done	et	al.	(2015b).	
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All	simulations	captured	hurricane	Katrina’s	track	well,	yet	the	hurricane	maximum	wind	speeds	
were	 too	weak	 (not	 shown).	This	was	due	 to	 the	hurricane	 in	 the	 initial	 conditions	being	 too	
weak	 by	 about	 20ms-1	 and	 led	 to	 a	 damped	 ocean	 and	wave	 response.	We	were	 unable	 to	
recover	the	simulation	from	these	weak	initial	conditions.	Wang	and	Oey	(2008)	were	able	to	
retain	 the	 intensity	 of	 Katrina	 using	 prescribed	 winds	 to	 drive	 the	 ocean.	 A	 similar,	 more	
controlled,	modeling	approach,	described	in	the	next	section,	corrects	the	low	wind	speed	bias	
and	produces	more	reasonable	wave	and	current	responses.	

G.3 Historical Hurricane Metocean Conditions 

A	 more	 controlled	 modeling	 approach	 is	 described	 here,	 in	 which	 historical	 hurricane	 wind	
speeds	are	taken	from	observations	and	used	to	drive	the	ocean	and	wave	models.	Wind	data	
are	 taken	 from	 the	 National	 Oceanic	 and	 Atmospheric	 Administration	 (NOAA)	 Hurricane	
Research	 Division	 (HRD)	 Real-time	 Hurricane	 Wind	 Analysis	 System	 (H*WIND)	 project	
(http://www.hwind.co/legacy_data/:	 Powell	 et	 al.,	 1998).	 H*Wind	 analyses	 are	 based	 on	
available	 surface,	 aircraft,	 and	 remote	 sensing	 data	 and	 are	 a	 readily	 accessible,	 publically	
available	surface	wind	analysis	for	historical	hurricanes.	H*WIND	is	our	best	guess	at	the	actual	
wind	field	and	 is	based	on	all	available	wind	observations,	yet	covers	only	a	small	geographic	
region	 and	 so	 the	 less	 detailed	 North	 American	 Regional	 Reanalysis	 (NARR:	Mesinger	 et	 al.,	
2006)	 is	 used	 to	 fill	 in	 the	wind	 field	 in	 the	 surrounding	 environment.	 Figure	 G.2	 shows	 the	
impact	 of	merging	 H*WIND	with	 NARR	 for	 the	 case	 of	 Hurricane	 Katrina.	 H*WIND	 captures	
smaller	scale	hurricane	structure,	a	tighter	hurricane	core,	and	higher	peak	wind	speeds	than	
NARR	alone.		

Ten	 historical	 Gulf	 of	 Mexico	 hurricanes	 (shown	 in	 Figure	 G.3)	 were	 simulated	 using	 this	
controlled	modeling	approach.	The	 ten	cases	were	chosen	 to	 include	some	that	had	a	strong	
interaction	with	the	loop	current.	These	10	cases	allow	us	to	build	up	statistics	of	the	historical	
relationships	between	metocean	variables	in	hurricane	environments.	

For	 the	 case	 of	 Hurricane	 Lili	 (2002)	 simulated	 and	 observed	 wind	 speeds	 are	 compared	 in	
Figure	G.4	 at	 the	 locations	of	 seven	buoys.	 The	 impact	of	 additionally	 including	 the	H*WIND	
data	into	the	NARR	wind	field	is	to	capture	the	inner	hurricane	winds	(see	wind	speeds	at	buoys	
42001	and	42041).	This	corresponds	to	much-improved	simulated	peak	significant	wave	heights	
(Figure	G.5).		
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Figure	G.3:	Snapshot	of	wind	speed	for	Hurricane	Katrina	using	(left)	NARR,	and	(right)	
H*WIND	combined	with	NARR.	

Figure	 G.2:	 Tracks	 of	 the	 10	 case	 study	 hurricanes	 colored	 by	 Saffir-Simpson	
hurricane	 category:	 Andrew	 (1992),	 Lili	 (2002),	 Ivan	 (2004),	 Dennis	 (2005),	 Katrina	
(2005),	 Rita	 (2005),	 Gustav	 (2008),	 Ike	 (2008),	 Ida	 (2009)	 and	 Isaac	 (2012).	 Figure	
generated	at:	coast.noaa.gov/hurricanes/	
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G.4 Future Hurricane Metocean Conditions 

The	 suite	 of	 10	 historical	 hurricanes	 is	 simulated	 again	 under	 three	 idealized	 future	 climate	
scenarios.	 	 The	 future	 scenarios	 are	 a	 10	 percent	 increase	 in	 hurricane	 wind	 speeds,	 a	 10	
percent	 reduction	 in	 hurricane	 size	 (as	 defined	 by	 the	 radius	 of	 hurricane-force	 winds),	 and	
both	a	10	percent	 increase	 in	hurricane	wind	speeds	and	a	10	percent	reduction	 in	hurricane	
size.	 The	 10	 percent	 increase	 in	 hurricane	 wind	 speeds	 is	 at	 the	 upper	 end	 of	 community	
consensus	in	the	literature	of	the	change	in	hurricane	intensity	over	the	21st	century	(Walsh	et	
al.,	 2016;	 Knutson	 et	 al.,	 2010).	 The	 reduction	 of	 hurricane	 size	 was	 projected	 in	 a	 regional	
climate	 change	 experiment	 Done	 et	 al.	 (2015a)	 and	 represents	 a	 physically	 plausible	 future	
scenario.	Figure	G.6	illustrates	the	impacts	of	the	future	climate	scenarios	on	significant	wave	
heights	 for	 the	 case	 of	 Hurricane	 Lili	 (2002).	 Changes	 are	 in	 the	 expected	 direction	with	 the	
more	 intense	 hurricanes	 increasing	 the	 significant	 wave	 heights	 and	 the	 smaller	 hurricanes	
decreasing	wave	heights.	

Figure	 G.4:	 Time	 series	 of	 wind	 speed	 (ms-1)	 during	 Hurricane	 Lili	 (2002)	 at	
selected	buoy	 locations	 for	 (black	 stars)	buoy	observations,	 (black	 line)	using	
NARR	winds,	and	(red	line)	using	NARR+HWIND	combined	winds.	The	track	of	
Lili	and	buoy	 locations	are	 shown	 in	the	bottom	right	panel	plot.	Figure	from	
Holland	et	al.	(2015).	
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In	 the	 absence	 of	 response	 functions	 to	 calculate	 time	 series	 of	 structural	 responses,	 we	
explore	relationships	among	metocean	variables	by	analyzing	pairs	of	metocean	variables	and	
exploring	 their	 correlations.	 The	 simulations	 produce	 spatial	 snapshots	 of	 wind,	 wave	 and	
current	fields	every	hour.	To	minimize	dependency	between	data	points	we	only	take	a	single	
data	 value	 for	 each	 variable	 each	 time.	 Given	 that	 the	 significant	 wave	 height	 is	 often	 the	
dominant	 variable,	 all	 variables	 are	 taken	 at	 the	 location	 of	 the	 maximum	 significant	 wave	
height	anywhere	in	the	Gulf	of	Mexico	every	hour.	Figure	G.7	shows	probability	distributions	of	
wave	period,	significant	wave	height,	maximum	wind	speed,	and	surface	ocean	current	for	the	
10	hurricanes	under	historical	 climate	 conditions.	We	are	 interested	 in	 the	extremes	of	 each	
variable,	 and	 in	 particular,	 combinations	 of	 the	 extremes.	 Fitting	 theoretical	 distributions	 to	
these	simulated	distributions	allows	us	to	assess	the	extremes.	The	Weibull	was	tested	and	fits	
the	distributions	very	well	(Figure	G.7).	

	

Figure	G.5:	As	in	Figure	G.4	but	for	significant	wave	height.	Figure	from	Holland	
et	al.	(2015).	
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Example	analyses	of	pairs	of	metocean	variables	are	shown	 in	Figure	G.8	 for	significant	wave	
height	and	wave	period,	and	significant	wave	height	and	maximum	wind.	Data	are	divided	by	
the	maximum	value	in	the	dataset,	and	referred	to	as	significant	wave	height	ratio,	wave	period	
ratio,	 and	maximum	wind	 ratio,	 to	aid	 later	assessments	of	proportional	 future	 changes.	The	
figures	indicate	a	high	degree	of	positive	correlation	in	hurricane	environments.	High	percentile	
values	are	calculated	from	the	fitted	Weibull	distributions	and	shown	as	red	dots	on	Figure	G.8.	
Figure	G.8	also	shows	the	future	change	in	the	high	percentiles	under	the	future	scenario	of	+10	
percent	winds	and	-10	percent	size.	The	distributions	shift	to	higher	wave	heights,	longer	wave	
periods	 and	 higher	 wind	 speeds	 with	 the	 largest	 proportional	 increases	 at	 the	 highest	
percentiles.		

	

Figure	 G.6:	 Time	 series	 of	 significant	 wave	 height	 (m)	 during	 Hurricane	 Lili	
(2002)	 at	 selected	 buoy	 locations	 for	 (black	 stars)	 buoy	 observations,	 (black	
line)	using	observed	winds,	and	three	future	climate	scenarios:	 (red	 line)	10%	
increase	 in	 wind	 speed,	 (blue	 line)	 10%	 decrease	 in	 size,	 and	 (green)	 10%	
increase	 in	wind	 speed	 and	 10%	 decrease	 in	 size.	 The	 track	 of	 Lili	 and	 buoy	
locations	are	shown	in	the	bottom	right	plot.	Figure	from	Holland	et	al.	(2015).	
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The	high	percentiles	show	future	increases	of	up	to	10	percent	across	the	metocean	variables	
(Table	G-1)	with	significant	wave	heights	seeing	the	largest	proportional	increases.		

	

Table	G-1:	Percent	 future	 changes	 in	P90,	P99	and	P99.9	 for	metocean	variables	under	 the	
future	scenario	of	+10%	winds	and	-10%	size.	Table	from	Holland	et	al.	(2015).	

	 P90	 P99	 P99.9	

Maximum	Winds	 +7	 +9	 +10	

Significant	wave	height	 +7	 +10	 +10	

Wave	period	 +2	 +3	 +3	

Figure	G.7:	Probability	distributions	of	metocean	variables	for	all	10	historical	
hurricanes	 under	 current	 climate	 conditions	 (grey	 bars).	 Data	 are	 at	 the	
location	 of	 the	 maximum	 significant	 wave	 height	 every	 hour	 through	 the	
simulations.	Blue	lines	indicate	the	Weibull	distribution	fitted	to	the	data.	
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G.5 Conclusions 

Reconstructions	 of	 historical	 hurricane	 wind	 fields	 were	 used	 to	 drive	 dynamical	 wave	 and	
current	models	for	a	set	of	10	historical	Gulf	of	Mexico	hurricanes.	The	historical	events	were	
simulated	under	historical	and	future	climate	conditions	to	assess	potential	 future	changes	to	
metocean	 variables.	 Statistical	 distributions	 were	 fitted	 to	 the	 resulting	 distributions	 of	
metocean	 variables	 and	 used	 to	 assess	 changes	 to	 extreme	 values.	 The	 plausible	 future	
scenario	 of	 a	 10%	 increase	 in	 wind	 speed	 and	 a	 10%	 decrease	 in	 size	 led	 to	 overall	 future	
increases	in	the	extremes	of	metocean	variables,	with	the	biggest	proportional	increase	in	the	

Figure	 G.8:	 Relationship	 between	 (left)	 significant	 wave	 height	 ratio	 and	 wave	
period	 ratio,	 and	 (right)	 significant	 wave	 height	 ratio	 and	 maximum	 wind	 ratio	
over	 all	10	historical	hurricanes.	Blue	dots	 show	data	 taken	 from	the	 location	of	
the	maximum	 significant	wave	 height	 every	 hour	 through	 the	 simulations,	 black	
contours	 indicate	 the	 density	 of	 the	 blue	 dots,	 and	 the	 red	 dots	 show	 the	 90th,	
99th	and	99.9th	percentile	values	(P90,	P99	and	P99.9,	respectively).	Two	sets	of	
data	are	 plotted:	 historical	 climate	 and	 the	 shift	 (black	arrows)	under	 the	 future	
climate	scenario	of	+10	percent	winds	and	-10	percent	size.	Figure	from	Holland	et	
al.	(2015).	
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significant	wave	height.	The	future	changes	are	a	similar	order	magnitude	change	to	the	change	
in	the	100	year	return	value	when	adding	a	single	intense	storm	to	the	historical	record	(Cooper	
et	al.,	2005),	and	highlights	the	level	of	uncertainty	in	assessing	extreme	values.	

These	datasets	may	be	analyzed	 in	a	number	of	other	ways,	 tailored	 to	 the	needs	of	 specific	
structures.	 For	 example,	 a	 simple	 analysis	 that	 reflects	 the	 high	 correlation	 of	 metocean	
variables	 in	hurricane	environments	would	be	 to	combine	 the	n-yr	wave	with	0.95*n-yr	wind	
speed	and	0.75*n-yr	current	speed.	Alternatively,	a	more	comprehensive	view	mapping	the	full	
space	 could	 be	 obtained	 through	 environmental	 contours,	 in	 recognition	 that	 the	maximum	
structural	response	may	not	be	at	the	maxima	of	the	variables.	Ultimately,	the	future	changes	
should	be	presented	in	terms	of	design	criteria	for	specific	structures.	

These	 results	 complement	 the	 future	 changes	 to	 hurricane	 frequency,	 intensity	 and	 cyclone	
damage	 potential	 described	 in	 previous	 chapters	 by	 expanding	 the	 atmosphere-only	 future	
assessments	 to	 future	assessments	of	 the	broader	metocean	conditions.	Based	on	these	new	
views	of	metocean	conditions	in	future	hurricane	environments,	our	recommendation	is	for	the	
industry	 to	 be	 aware	 of	 the	 potential	 for	 increased	 hurricane	 impacts	 in	 the	 future.	 As	 our	
understanding	 of	 hurricane	 activity	 in	 current	 climate	 and	 the	 future	 change	 advances	 the	
potential	industry	impacts	will	be	reassessed.		
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