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Challenges of Solar Preg
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DOE SunShot Project

Time Scaled Approach to Power Fg
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Nowcast System
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Numerical Weather Prediction:

WREF-Solar
CLOUD-RADIATION-AEROSOL INT_IiR C

WREF-Solar
* Include direct & diffuse radiation
e Fully coupled radiation/aerosol/cloud
My g P (R interaction
W PR « Improved cloud physics parameterization
' e New shallow convection scheme
* More precise time equation
» Satellite data assimilation

Horizontal
Irradiance E

H| |
TN ]
Diffuse I

o 60 f

WRF-Solar =
Clear sky analysis shows improvements e 50
over standard WRF = w0

e GHI: 40-58%

e DNI: 40-76% 30

e DIF: 50-83%
Jimenez, et al., 2016a: BAMS. ° TBL BND FPK GCM PSU DRA  SXF
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WRF-Solar: Result
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Power Conversiofi

Empirical Power Conversion: Regression Tree - Cubist

Example for single axis tracking PV plant

Pattern depends heavily on time of
day, AM takes higher route; PM more
linear route

SAMLMETO1 vs SIVA.GEMN. Thermalv.PMeas. 1.PEAG
20150501 - 20151001,
4544 matched data, minPowerCutoff: 0.0, minlrrCutoff; 0.0
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Uncertainty Quantification
Analog Ensemble AppieEch

Station SMUD 67, forecast initialized at 12 UTC, 15 July 2014
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SunShot Evaluation S
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dded Atmospheric Forecasting System
GRAFS-Solar: Framey
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Mean Absolute Error (W m2)

Machine Learning Enhang

Mean Absolute Error Hourly Comparison

— MAM
— PRandom Forest

— Gradient Boosting
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Valid Hour (PST)

Statistical correction after initial grid formed
decreases errors drastically
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= Built system to forecast solar
power and upscale to CO, plus

provide info for feeders

= Solar forecast to impact load
forecast — will allow to grow
with increased deployment

DiCast GHI / Cul:!in
Predictions at 5 (Regression Tree
Meras / w/ Nearest

Neighbor)

Percent

capacity
Data

” % Power Output
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independent
data sites (trained to %

At Trading Decision Time (4-5am) forecasts show
NRMSE values to be under 3%



Merge Load Forecast with Distributed Solar Power Forecast to determine Net Load

PV Installation Info.
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Production Cost Modeling

e Accomplished by Utility
Partner — Xcel

Value of 50% Forecast
Improvement: $820,000 (2024 —
increased utility scale capacity)

e Upscaled by NCAR (Lazo)
— Annual National Savings:
S10—-S21M / year (2015-2024)

— 26 year savings: S455M

1400
1200
1000
800
600
400
200

NNNNNNNNNNNNNNNNNNNN

—SOLAR FORECAST
= SOLAR GENERATION (MW)




Scientific Lessons Lea

Blending
— Use component systems together with machine learning
— Use a base NWP model enhanced and tuned for the purpose (WRFSolar)
— Include multiple NWP models (Operational Models)
Improving upon persistence
— Use methods trained on in situ observations (e.g. TSICast, StatCast)

Satellite based cloud advection

— Useful, but can challenging (CIRACast)
— Combined with NWP can be even more powerful (MADCast, MAD-WRF)

NWP

— The source of aerosol data and shallow cumulus parameterizations are
important (WRF Solar)

Predictability

— There are limits to predictability due to
the chaotic nature of atmospheric flow
and sensitivity to initial conditions.




Scientific Lessons Lea

 Empirical power conversion
— Works best with well documented, clean data
— However, it’s viable even when data limited.

* Analog ensemble
— Improves the deterministic blended forecast
— Produces a probabilistic prediction
e Metrics
— Industry standard metrics are good
— Enhanced metrics help better understand performance
— Economic value assessments are challenging due to proprietary processes



What has a big imp

Availability and quality of data

Critical issue for any forecasting system.

Quality of the data and the metadata often does not meet our
expectations and needs

Each utility measures a different type of irradiance measurement
* Some use GHI, while others use POA, or DNI for concentrated systems
e Critical metadata is not always shared / available
 Makes it difficult to engineer the systems.

Historical data often unavailable.

 Statistical learning methods require historical data for training the
system

 Where it does not exist, those techniques cannot be employed.

Standardized data format would greatly benefit all who deal with such
data.



What is left to do?

Work toward better 0-2 hour prediction using observational
methods

Improve physical models with better representation of aerosol
loading, cloud properties including thickness, height, advection and
dispersion

Better understand and predict the impacts of contaminants on the

solar panels such dust and snow and ice (including when and how it
melts off)

Continue to explore statistical methods like gradient boosted
regression and deep data-mining techniques

Optimize power conversion and probability forecasts using Analog
Ensemble and other methods

Have more time to work with utility partners:
— Tailoring information and metrics to their needs
— Understanding the value of forecasts
— Understanding what types of forecasts are needed to maximize utility of storage



sUummary:

e Solar Power Forecasting
advancing rapidly - SunCast

e Advanced NWP part of
blended forecasting system

VRE-Solar
A J JJ =4l

e Distributed Generation forecasting can be fed to Load
forecast - DL

» G AFT IS a new community gridded
forecasting system being developed
s Flrell et g2 to advance solar energy

through better, more economical grid
Integration
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Gerry Weiner — gerry@ucar.edu
Metrics

Tara Jensen — jensen@ucar.edu

Portions of this work were funded by the DOE SunShot Program through DE-EE0006016 as
well as by Xcel Energy
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