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What	kinds	of	renewable	energy	forecasts?

• Technology
• Solar
• PV
• CSP

• Wind
• Biofuels
• Geothermal
• Tidal
• Hydro

• Time	resolution
• 1	minute
• 1	hour
• 1	day
• 1	week
• 1	month
• 1	season
• 1	year
• 1	investment

• Time	horizon
• 1	minute
• 1	hour
• 1	day
• 1	week
• 1	month
• 1	season
• 1	year
• 1	investment

• Data	source
• Observational
• Weather
• Satellites
• RADAR
• Sky	cameras
• LIDAR

• Modeled
• Weather
• Climate
• Satellite
• RADARHydrology	and	Atmospheric	Sciences



Solar	and	wind	price	forecasts

Inputs:
• Price	data
• Tariffs
• Innovation	rate
• Subsidies	(local,	state,	federal,	foreign)
• Regulatory	models
• Economic	models

Margolis	et.	al.,	NREL/Sunshot 2017
NREL/PR-6A20-68425



Solar	and	wind	price	forecasts

Inputs:
• Price	data
• Tariffs
• Innovation	rate	(wind	and	gas)
• Subsidies	(local,	state,	federal,	

foreign)
• Regulatory	models
• Economic	models

Dykes	et.	al.,	NREL	2017



Solar	and	wind	capacity	forecasts

EIA	Annual	Energy	Outlook	2017
eia.gov

Solar	PV	x	100!

Wind	x	2.5?

Solar	Thermal	and	Offshore	Wind	flat



Solar	and	wind	capacity	forecasts
“America's	Renewable	Electricity	Forecast	Grows	To	2050,	Even	Under	Trump”

https://www.forbes.com/sites/energyinnovation/2017/05/10/americas-renewable-electricity-forecast-grows-to-2050-even-under-trump



Solar	and	wind	yearly	generation	forecasts



Solar	and	wind	resource	assessments

Inputs:
• Weather	observations
• Satellite	observations
• Weather	models
• Weather	to	power	models
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Temperature

Dew	point

Global	Horizontal	Irradiance

Wind	speed



Utilities	control	their	conventional	
generators	and	market	purchases

Clouds/wind/weather	control	the	output	of	
solar	and	wind	power	plants



Clouds/wind/weather	control	the	output	of	
solar	and	wind	power	plants

Utilities	control	their	conventional	
generators	and	market	purchases



A	20	MW	ramp	is	about	equivalent	to	the	
demand	of	10,000	homes



Different	utility	operations	occur	on	different	
time	scales

Minutes Hours Days Seasons Years

Grid	inertia,	gas	peakers

Gas	CC,	trading

Coal	plants,	fuel	purchases,	trading

Maintenance,	
construction

New:	batteries,	demand	response,	curtailment



Different	forecasting	methods	work	better	at	
different	time	scales

Minutes Hours Days Seasons Years

Sensor	Networks

Satellite	Imagery

Numerical	Weather	Models

Climate	Models



How	can	forecasts	help	utilities	keep	energy	costs	low	
and	maintain	grid	reliability?

• Improve	energy	market	trading	strategies
• Schedule	and	invest	in	more	efficient	generators	(e.g.	

combined	cycle	vs.	combustion	turbine)
• Schedule	and	invest	in	transmission
• Reduce	costs	associated	with	generator	starts
• Defer	maintenance	associated	with	excessive	generator	set	

point	seeking	
• Optimize	the	use	of	battery	storage

Renewable	energy	forecast	applications



Simple	benchmark	forecast	methods

1. Clear	sky
2. Persistence
3. Clear	sky	index	persistence



Clear	sky	forecast
0.0 0.0 0.2 0.6

Mean	absolute	error





Persistence	forecast

The	power	5	minutes	from	now	will	be	the	same	as	it	is	now



Persistence	forecast

The	power	1	hour	from	now	will	be	the	same	it	is	now



Clear	sky	index	persistence	forecast

Clear	Sky	Index	=	Observations	/	Clear	Sky	Expectation



Clear	sky	index	persistence	forecast

The	clear	sky	index	1	hour	from	now	will	be	the	same	as	it	now



Clear	sky	index	persistence	forecast

The	power	1	hour	from	now	will	be	the	same	as	it	now,	but	account	for	solar	position







Day	ahead	persistence	forecast



Day	ahead	persistence	forecast



Day	ahead	persistence	forecast



Day	ahead	persistence	forecast



Day	ahead	persistence	forecast



Day	ahead	persistence	forecast



Day	ahead	persistence	forecast



Numerical	Weather	Prediction	at	UA

• UA	WRF	Model	highlights
• 5.4	km	outer	domain,	1.8	km	inner	domain
• Initialized	on	the	0Z,	6Z,	12Z,	18Z	GFS	and	NAM
• In	summer,	13Z	and	15Z	RAP	initialization

• Local	challenges	include:
• Mountains	+	moisture	+	heating	=	monsoon	storms
• Unreliable	initialization	data	from	Mexico
• Extreme	planetary	boundary	layer	heights
• Rapidly	changing	land/surface	characteristics

• 1.8	km	resolution,	3	minute	outputs	of:
• GHI,	DNI,	10	m	wind,	80	m	wind,	temp

Christopher	Marks,	Creative	Commons

WRF	configuration	details:
• RRTMG
• Morrison	2	mom.	or	SBUYLIN
• Bougeault-Lacarre or	ACM2
• Noah	LSM

Weather	Research	and	
Forecasting	(WRF)	
community	model	
developed	at	NCAR,	
NCEP,	ESRL,	universities,	
and	more



Raw	UA	WRF	forecasts	available	at
atmo.arizona.edu



WRF	details

Skamarock et.	al.	“A	description	of	the	Advanced	Research	WRF	Version	3”	(2008)

F	=	ma
Conservation	of	mass

Water	phase	changes



WRF	details

Skamarock et.	al.	“A	description	
of	the	Advanced	Research	WRF	
Version	3”	(2008)

Solve	the	equations



UA	medium	res.	model
5.4	km	grid,	SW	US
Global	Horiz.	Irradiance



UA	medium	res.	model
5.4	km	grid,	SW	US
10	m	wind	speed



UA	high	res.	model
1.8	km	grid,	AZ	and	NM
10	m	wind	speed

Stronger	mountain	winds

Stronger	winds	along	Mogollon	rim

Much	more	wind
at	lower	elevations

Difference	between	5.4	km	and	1.8	km	domains	
increases	as	weather	becomes	more	severe



Day	1 Day	2 Day	3 Day	4

Solar	power	forecast	from	weather	model



Wind	power	forecast	from	weather	model

Day	1 Day	2 Day	3 Day	4



Weather	forecasts	are	not	perfect
Forecast	irradiance	
on	Feb	18,	2017 Observed	irradiance

Power	forecast	wrong	by	100	MW	at	10	
AM!

Primary	causes	of	bad	forecasts:	Initial	
conditions,	microphysics,	planetary	
boundary	layer



UA-WRF	vs.	NWS	HRRR	Tucson	GHI

Limit	analysis	to	large	(MAE	>	60)	errors.	
Eliminates	clear	days.
Helps	HRRR,	relatively,	since	it	is	much	worse	than	UA	on	clear	days.
UA	day	3	still	outperforming	NCEP	HRRR

HRRR UA	day	1 UA	day	2 UA	day	3 Clear	sky



Partnered	with	local	PV	installer	Technicians	for	
Sustainability	to	obtain	access	to	real-time	(5	min	
latency)	data	feeds	from	residential	PV	systems.

Prototype:	Homebuilt	irradiance	sensors	will	cell	
modems	(see	A.	Lorenzo,	AMS	2015).	

Network	of	rooftop	solar	data	and	irradiance	sensors	
provides	most	accurate	30	minute	forecasts.

Sensor	network	forecast

Utility	scale	PV
DG	PV
Irradiance	sensor



Sensor	network	forecast

Looks	a	lot	like	a	persistence	forecast!

Combine	data	from	many	sensors	
using	statistical	methods

Lorenzo	et.	al.,	Solar	Energy	2015



Sensor	network	interpolation

longitude

la
tit
ud

e

Wind	vector

Greater	Tucson	Area







Satellite	Derived	Irradiance

model

Light	reflected	from	the	tops	of	clouds Light	that	gets	through	clouds





Ground	irradiance	data	to	improve	satellite	
irradiance	estimates

Satellite	irradiance	estimates	rely	on	algorithms	that	convert	the	
observation	(light	reflected	by	cloud	tops)	into	transmitted	irradiance.

Use	ground	PV	and	irradiance	data	to	improve	estimates

Optimal
Interpolation

Better	satellite-derived	estimate	of	GHI

Unique	method	
developed	at	UA

Published	in	Solar	
Energy	(Lorenzo	2017)



More	from	Travis	Harty
this	afternoon!



Taylor	diagram:	RMSE	is	not	enough



Taylor	diagram:	RMSE	is	not	enough



Taylor	diagram:	RMSE	is	not	enough



The	best	forecast	has
1. The	lowest	error	AND
2. The	same	variance	as	the	
observed	signal

Taylor	diagram:	RMSE	is	not	enough



PVLib Python
• Tool	for	modeling	solar	power	systems

• Foundation	of	the	UA	power	forecasts

• Open	source

• Descendant	of	Sandia’s	PVLIB	MATLAB

• Primarily	coordinated	by	Will,	with	
contributions	from	across	the	world.

• Solar	power	forecast	module	funded	by	
EPRI	and	Southern	Company

• github.com/pvlib



PVLIB	Python	statistics

1. Sandia	National	Lab
2. NREL
3. Sun	Power
4. First	Solar
5. NCAR
6. Fraunhofer ISE
7. Sunshine	Analytics

8. Solar	City
9. Itron
10. PV	Performance	Laboratories
11. Reiner	Lemoine Institute
12. Strata	Solar	Services
13. Stuart	Bowden	(ASU)

As	of	October	18,	2017… Issues: Pull	requests:

Known	users	include:



PVLib Python	forecasts

Model GHI DNI Cloud	cover
GFS,	0.5 deg 3/6	hr mixed	

interval	average
None 3/6	hr mixed	

interval	average
NAM, 12	km 1	hr for 36	hrs

3	hr for 84	hrs
None 1	hr for 36	hrs

3	hr for 84	hrs
RAP,	13	km None None 1	hr instant
UA-WRF,	1.8	km 3	min.	instant 3	min.	instant None

The	problem:	weather	forecast	data	is	a	mess!

A	solution:	standardized	data	processing	in	PVLib Python



PVLib Python	forecasts

from pvlib.forecast import GFS, NAM, RAP, HRRR

lat, lon = 32.2, -110.9

start, end = pd.Timestamp(‘20171018’), pd.Timestamp(‘20171025’) 

fx_model = GFS()

fx_data = fx_model.get_processed_data(lat, lon, start, end)

Get	relevant	weather	forecast	data	in	5	lines	of	code



PVLib Python	forecasts

lat, lon = 32.2, -110.9
start, end = pd.Timestamp(‘20171018’), pd.Timestamp(‘20171025’) 

from pvlib.forecast import GFS, NAM, RAP, HRRR

fx_model = GFS()

fx_data = fx_model.get_processed_data(lat, lon, start, end)



PVLib Python	forecasts

module_parameters = {'pdc0': 10.0, 'gamma_pdc': -0.0035}

system = SingleAxisTracker(module_parameters=module_parameters)

location = Location(lat, lon)

mc = ModelChain(system, location, **model_parameters) 

mc.run_model(times=fx_data.index, weather=fx_data)

Convert	your	weather	forecast	into	a	power	forecast	in	5	lines	of	code



PVLIB	Python	forecasts



PVLIB	Python	forecastsReplace	GFS()	with	NAM()
Rerun	code



You	too	can	be	a	forecaster!

1. Define	your	forecast	problem
2. Determine	what’s	“good	

enough”
3. Select	an	appropriate	forecast	

method	and	data	set

4. Use	PVLib Python	or	PVLib
Matlab for	PV	modeling

5. Help	me	make	PVLIB	better	
for	everyone

If	working	in	solar…



Thanks	to	our	funding	agencies

Additional	support	from

Major	support	from

DOE	EERE	
Postdoctoral	
Fellowship

The	SVERI	utilities

Arizona	Department	of	
Environmental	Quality


