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Introduction
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Growing solar integration demands accurate, high-temporal-spatial resource data.
Resource adequacy study requires understanding resource variability at hourly (at least) to daily scales.

Existing global-scale Earth system model (ESM) datasets often lack the granularity required for
resource adequacy assessments.

Accurate representation of future solar variability is critical for reliability, reserve planning, and

investment decisions.
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Why High Resolution?

Example: simulated precipitation anomalies
RawGCM 45-km :

Earth system model (ESM) limitations: n |
Low resolution (> 100 km and daily)
Systematic errors and biases

Large deviations from observations

Needs:
Studies require high resolution data :
Studies require un-biased future projections ..

Options:
Statistical/machine-learning based i
downscaling with bias-correction o
Dynamical downscaling methods

i
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Graphic from:
https://dept.atmos.ucla.edu/
alexhall/downscaling-cmip6

Resolution relevant for future impact
studies! NREL | 3
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Statistical/ML vs. Dynamical Downscaling

Statistical or Machine learning Dynamical
« Use statistical relationships between * Use ESM’s outputs as inputs for numerical
large-scale predictor fields and high- weather prediction models (NWPs) (e.g., WRF,
Approach resolution predictands. RegCM).
« Train the model on observational * Use governing physical laws to integrate dynamic
datasets. solution.

KEY PROS & CONS

, _ _ * Physically consistent
« Computationally inexpensive and _ _
PROS « Capable of representing small-scale atmospheric

efficient.
processes

« Challenges in capturing convective-
scale atmospheric phenomenon (i.e., dx
< 10 km) as there is no representation of Computationally intensive.

CONS physics such as convection/turbulence. «  Uncertainties in modeling when selecting different
* Machine-learning approach is parameterizations and input data (from ESMs).
sometimes defined as “black-box” model
—i.e., not interpretable model.
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In Data V2, we develop high-resolution
future projections using a state-of-the-art
atmospheric model for nearly all energy
applications (On-going).

In Data V1, we develop high-resolution
future projections using a statistical
downscaling framework with a focus on
solar energy applications.

Unique components:
v" High-resolution: 4-km grid spacing

v' Calibration: statistical models
calibrated using the National Solar
Radiation Database (NSRDB)

v' Bias-correction: future projections are
bias-corrected against NSRDB
observations to improve accuracy

Unique components:

v

< S

High-resolution: 4-km grid spacing, 61
vertical layers

Physically consistent simulation
Convection-permitting simulation

Various meteorological variables: more than
50 2D/3D variables for solar, wind, hydro,
and extreme weather (e.g., hail, lightening)
applications.
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Approach for Data V1

= We aimed to 1) develop statistical methods within an efficient framework and 2) downscale
ESM datasets tailored for solar energy applications.

= The NSRDB was used to build and calibrate the statistical downscaling models.
= Technical approach:

. Computationally
Calibrate model parameters L lution ESM
NSRDB: https://nsrdb.nrel. gov/ . OW resoilution . .
& and wind observations years approach!

l High resolution

Calibrated pro;ecte'd hourly

Statistical . solar, wind, and
______ .y statistical - .

model temperature in
model

future years
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Data V1 Summary

Spatial coverage

CONUS

Temporal coverage

2006-2100 (95 years)

Climate scenario

RCP4.5 and RCP8.5

Spatial resolution

4 km

Temporal resolution

Hourly

Source of climate data

Data source: NA-CORDEX (https://na-cordex.org/)
Model: CanRCM4 forced by CanESM2 (GCM)
Spatial resolution of raw ESM data: 0.22°
Temporal resolution of raw ESM data: daily

Downscaling approach

Statistical-based 4-step downscaling method (regridding - bias correction
— temporal downscaling = spatial downscaling)

Observational data for model
training

NSRDB

Downscaled variables

GHI, DNI, DHI, surface air temperature, surface wind speed

Data size

11 TB (58.5 GB per one-year data file)

Data format

HDF5
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Bias-correction of ESM Projections

ESM’s horizontal grid spacing (> 100
km) is too coarse to represent local
processes and terrain heterogeneity

ESMs also have inherent systematic
and random modeling errors stemming
from various model components.

We employed a bias correction
technique based on quantile mapping
to reduce bias of ESM outputs.

On average across all pixels, the
biases of bias-corrected daily average
GHI, temperature, wind speed are
less than 5% compared to the NSRDB.

20-km ESM
(2006-2020, RCP 4.5)
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Temporal and Spatial Downscaling of ESM Projections

Temporal downscaling architecture

i Model fitting
ilv/_ _ RCM — daily avg. step
(daily-res. to hourly-res.) Attt
. Model
"5':'2?];:'(?;["“' Generate Diurnal Template prediction
step
(20km)

patial downscaling (20-km to 4-km)

20-km GHI

Predict Diurnal Template

|——-| Fit universal template

Adjust universal

NSRDB - daily Adjust template
avg. GHI (20km) 1

template height for
daily total GHI

Noise Addition

Noise Addition

Simulate basis function

weights

height for daily total
NSRDB - hourly

GHI
GHI (20km,
hourly)

o
Calculate residuals

Fit residual basis
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Temporal downscaling is the key to accurate generation
of hourly-scale GHI using statistical methods.

The thin plate splines (TPS) is used as a method to
spatially downscale the 20-km RCM GHI to 4-km
resolution.

Similar downscaling methods used for GHI were applied
to temperature and wind speed.



Evaluation of Downscaled Projections (4km, 2006-2020)

Koppen-Geiger (KG) climate classification Kolmogorov-Smirnov (KS) test (CONUS, 2006-2020)

EGHI ®=mDNI ®EMinTemp ®ETemp ®EMaxTemp = Wind

KS distance
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BSh BSk BWh BWk Cfa Cfb Csa Csb Dfa Dsc Dwa Dwb
Climate zone

u All variables show KS distance values less than 0.1 across all
climate zones.

n This indicates that the statistical models produce similar
data distributions to observational data after the
downscaling.

n As expected, DNI shows higher KS distances compared to
GHI because DNI is more sensitive to clouds.

Habte et al. 2020
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Spatial Analysis of Downscaled Projections (4-km, 2006-2020)

nBias calculated against NSRDB (daily total, 15-yrs)
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Downscaled projections (4-km) show reasonable
spatial patterns against observation across
CONUS for four variables.

On average across all pixels, 4-km daily-total GHI
and DNI projections show nBias less than 1%
and 6% for GHI and DNI compared to NSRDB,
respectively (nBias less than 1% and 5% for daily-
average temperature and wind speed).

Slightly higher frequency of clouds is generated
through statistical downscaling methods.
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WRF Dynamical Downscaling (Data V2)

Dynamical downscaling ap_proach can ESM Data:
generate a full set of physically consistent * High-quality input (~100 km resolution) for NWP

high-resolution future projections. \ « Consider bias-corrected fields in ESM data: e.g.,
soil moisture and soil temperature

Use the widely used Weather Research and
Forecasting (WRF) model to downscale a
long-term ESM data for SSP2-4.5 and SSP5-

Planetary boundary layer

8.5 (CMIPG).

. . . F model physics Microphysics
Find the best WRF configurations to (RCM) « modules* Lland surface model, etc.
accurately represent modeled atmospheric

variables related to various energy

Graphic from NCAR NCL: https://www.ncl.ucar.edu/

WRF WRF Radiative transfer

WREF: https://www.mmm.ucar.edu/models/wrf

a p p | | Catl O n S . gq!vﬂe(i E‘Hl Downic_a!etz w:gd _'s_gffd@wm
Develop physically consistent, high- S : : Ja
resolution (4 km and hourly) downscaled ~Cecuastonotrupsms = ' Locaionof windplns
future projections for entire CONUS e e ——

Graphic by NREL. Meta and atmospheric data from EIA and HRRR:
https://www.eia.gov/, https:/rapidrefresh.noaa.gov/hrrr/
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Numerical Experiments

= Develop an optimal WRF settings for downscaling GCM

data

= Design numerical experiments with five different WRF
configurations (E01-EQ5; at 8-km and hourly resolution)

Expeerent Based on WRF configuration used in (applications to entire CONUS)
EO1 WRF-Solar (NWP specialized for solar energy applications)
E02 WRF-Solar EPS (ensemble prediction system tailored for solar energy)
EO3 PR100 + Wind Toolkit (high-resolution wind resource data)
E04 IM3/HyperFACETS TWG simulations (downscaled ESM data, 12 km)
EO5 CONUS404 (downscaled reanalysis data, 4 km)

= Implement 15-years (2006-2020) WRF simulations forced
by ERAS (reanalysis data).

= Evaluate key atmospheric variables against observational
data for 17 climate zones on CONUS domain.

50°N
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40°N — %
35°N f
30°N —
25°N —

/

20°N —-

8-km WRF grid for numerical
experiments (41 vertical layers)

120°W 110°W 100°W 90°W 80°W
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Evaluation of WRF Configurations (8 km, 2006-2020)

climate classification

100 90 60 500 a0

Képpen-Geiger (KG)

o

o

Habte et al. 2020

WRF configuration used in E02 shows the
best results on Kolmogorov—Smirnov (KS)
test.
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Enhancing Resolution in Dynamical Downscaling

In this work, our original plan was to
downscale ESM at 8-km resolution.

To enhance our dynamical downscaling
research, technical review committee
(TRC) recommended the use of:

v’ Higher spatial resolution (4-km)

v' Higher resolution of vertical layers
(61 layers)

We have determined a final WRF
configuration based on extensive
numerical experiments using different
physics options at 8-km and 28-km
grids.

4-km grid for actual downscaling of ESM
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Final selection of WRF configuration:

= Microphysics: Thompson

* Cumulus scheme: Tiedtke (1st domain only)

= Short-wave/long-wave radiation: RRTMG

= PBL: MYNN PBL

* Coupled subgrid-scale clouds from PBL scheme to radiation scheme: on
= LSM: Noah LSM. NREL | 15




Concluding Remarks

= Data V1 was developed based a statistical downscaling approach to include
4-km and hourly future projections (2006-2100) for solar energy
applications under two scenarios (RCP4.5 and RCP8.5).

= nBIAS for the downscaled daily total GHI and DNI was calculated to be less
than 1% and 6% when compared to the NSRDB (nBias less than 1% and 5%
for daily-average temperature and wind speed).

=  Development of high-resolution future projections using an optimized
WRF configuration is now underway.

=  Dynamically downscaled datasets will be released as Data V2.
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