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Executive Summary

The Performance-based Energy Resource Feedback, Optimization, and Risk Management
(PERFORM) program is an initiative intended to foster “a fundamental shift in grid management
rooted in an understanding of asset risk and system risk” (ARPA-E 2020). Launched by the
Advanced Research Projects Agency-Energy (ARPA-E), the program supports efforts to
incorporate uncertainty in electric power decision making.

In support of PERFORM, the National Renewable Energy Laboratory (NREL) has produced a set
of time-coincident forecasts of solar, wind, and load profiles. The time series for these forecasts—
which include both deterministic and probabilistic forecasts—and their corresponding actual
profile values at high temporal and spatial fidelity. Figure ES1 provides a high-level overview of
the process used to generate the actual and forecast profiles in the dataset.

Hourly numerical
"Actuals" are weather prediction
obtained from data from ECMWF
NSRDB (solar), is preprocessed
WIND Toolkit and input into the

The deterministic
forecasts (on hour-
ahead, intra-day,
and day-ahead
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(wind), and each PV Watts and reV
1SO (load) with 5- plaforms to
minute time calculate
resolution. wind/solar power
output.

timescales) are
combined into
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Figure ES7: A schematic of the overall data collection and forecasting process.

As part of Phase I of the PERFORM effort, NREL created a dataset that consists of one year of
time-coincident load, wind, and solar actuals and probabilistic forecasts based on data from the
Electric Reliability Council of Texas (ERCOT) (Bryce et al. 2023). In Phase II, NREL developed
similar datasets for three other U.S. Independent System Operators (ISO): the Midcontinent
Independent System Operator (MISO), the New York Independent System Operator (NYISO),
and the Southwest Power Pool (SPP).

Wind and solar profiles are provided for existing facilities as well as planned facilities based on
each ISO’s interconnection queue. Figure ES1 shows the spatial distribution of solar and wind
plants contained in these datasets. For the final PERFORM dataset we include all projects in the
queue but add a flag for each project given some indication of its status in the queue, which can
help users of the data potentially identify subsets of the projects for their own analyses.
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Figure ES2: Spatial distribution of solar and wind plants contained in these datasets.

This report describes the process for producing the deterministic and probabilistic forecasts in the
Phase II dataset and summarizes some of the metrics used to evaluate the forecasts. The datasets
are available for public use, and additional documentation and details on how to access to the data
can be found at https://github.com/PERFORM-Forecasts/documentation.
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1 Overview of PERFORM Datasets

As part of Phase I of the PERFORM effort, NREL created a dataset that consists of one year of
time-coincident load, wind, and solar actuals and probabilistic forecasts based on data from the
Electric Reliability Council of Texas (ERCOT) (Bryce et al. 2023). In Phase II, NREL developed
similar datasets for three other U.S. Independent System Operators (ISO): the Midcontinent
Independent System Operator (MISO), the New York Independent System Operator (NYISO),
and the Southwest Power Pool (SPP).

The PERFORM Phase II dataset includes wind, solar, and load time series data for MISO, NYISO,
and SPP. The dataset includes both actuals and forecast time series; while actuals are provided for
2018-2019, the forecasts require a year of data for training and are only available for 2019. Solar
and wind data have three different spatial-scales, namely site-level, zone-level (defined by the
ISO), and system-level (i.e., the balancing area or entire ISO). A summary of the data
characteristics is provided in Table 1.

Table 1: Summary of the actual and forecast datasets provided for MISO, NYISO, and SPP as part
of the Phase || PERFORM dataset.

Solar Wind Load
Spatial resolution Site-level Site-level Zone-level
Zone-level Zone-level Balancing Area

Balancing Area Balancing Area

2018-2019 2018-2019 2018-2019
2019 2019 2019

Both actual and forecasted wind and solar profiles are developed for existing facilities as well as
proposed sites based on ISO interconnection queues. Actual time series are based on input
meteorological data from the National Solar Radiation Database (NSRDB) and the Weather
Research and Forecasting (WRF) model. Forecast time series are developed using forecasts
produced by the European Centre for Medium-Range Weather Forecasts (ECMWF).
Meteorological data from the actual and forecast timeseries serves as input to the renewable energy
potential model (reV), which generates wind and solar profiles based on a specified plant
configuration. Actual load data is collected from each ISO and is subsequently used with ECMWF
forecast data to train a predictive load model. Actuals are provided at 5-min resolution and
forecasts are provided either at hourly or 15-min resolution.

Although the forecast time series have similar spatial characteristics as the actual time series, they
have more complex temporal characteristics that characterize forecast parameters, such as lead
time, horizon, resolution, and update rate. Figure 1 illustrates how these operational parameters
are characterized and outlines the assumptions used for the ECMWF forecasts used for this dataset.

1
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Figure 1: lllustration of the various forecast parameters for the ECMWF forecasts (top) and a
description of the parameter assumptions and forecasting method used for the various forecasts
in the Phase Il dataset (bottom).

The remainder of this report serves as a reference for the methods used to generate the actuals and
forecasts in the PERFORM Phase II dataset, starting with the wind and solar generation profiles
(Section 2) and then continuing with the load data (Section 3). The report concludes with an

overview of the data set attributes (Section 4).
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2 Renewable Generation Data and Forecasts

This section describes the steps taken to generate the wind and solar generation profiles for the
Phase II dataset. The process starts with identifying the relevant wind and solar sites of interest.
Actual generation profiles are then created for these sites using wind and solar data and the reV
model. For the forecasts data, weather forecasts from ECMWF are translated to generation profiles
again using reV.

2.1 Wind and Solar Site Selection

Overview of site selection process

The wind and solar sites used for generating profiles include both existing facilities and “planned”
sites that are projects under considerations. For existing sites, we use data from the U.S. Wind
Turbine Database and the Utility-Scale Solar Database, both maintained by the Lawrence Berkeley
National Laboratory (Hoen et al. 2023; LBNL 2022) . For planned sites, data is taken from each
ISO’s interconnection queue, summarized in Table 2. From the queue data we subset to wind and
solar projects with interconnection or commercial in-service dates starting after January 1, 2021.

Table 2: Summary of interconnection queue data source and download data for each ISO.

ISO Source Download

date

https://www.misoenergy.org/planning/generator- Feb. 8, 2021
interconnection/GI_Queue/

https://www.nyiso.com/interconnections  Feb. 3, 2021

SPP http://opsportal.spp.org/Studies/GIActive Feb. 8, 2021

A few manual adjustments were made to the site metadata, outlined as follows:

e One of the proposed solar facilities in NYISO (Mineral Basin Solar Power) is in
Pennsylvania, which was flagged as a potential data processing error. Research on this site
confirmed that its physical location is correct and that it will be injecting power into
NYISO, so this plant was retained. However, the original load zone identified for power
injection was incorrect and was adjusted accordingly.

e The existing SPP sites included 2 solar sites located at Denver International Airport which
are not participating in SPP and were therefore dropped them from the dataset.

e The previous metadata used an inconsistent cutoff date for interconnection projects; the
sites have been updated to only include planned projects as of January 1, 2021 as previously
intended. This resulted in dropping a few sites from NYISO and SPP.

e Previously planned projects that did not include detailed coordinate information were
assigned to the county centroid of the project for the purpose of modeling in reV. Although
this can result in some plants being placed in bodies of water or other locations that would
be unrealistic for development, we believe it is sufficient for realistically modeling the
generation of that site.

3

This report is available at no cost from the National Renewable Energy Laboratory at www.nrel.gov/publications.


https://www.misoenergy.org/planning/generator-interconnection/GI_Queue/
https://www.misoenergy.org/planning/generator-interconnection/GI_Queue/
https://www.nyiso.com/interconnections
http://opsportal.spp.org/Studies/GIActive

Table 3 summarizes the number of unique wind and solar plants and the total installed capacity for
each ISO. Planned offshore wind capacity for NYISO is broken separately. Note that the count of
plants aggregates individual wind turbines associated within a single plant or planned project. The
data has been slightly refined to remove outlier plants and duplicate records and address other data
cleaning issues; this table thus provides a summary of the final collection of sites processed for
wind and solar forecasts. Similarly, Figure 2 provides a visual summary of the total wind and solar
capacity of existing and planned projects by ISO for both existing and planned sites, whereas
Figure 3 illustrates the spatial distribution of those plants.

Table 3: Summary of plant count and installed capacity by ISO.

- Type Existing Planned Total Existing Planned Total
Solar 376 375 751 1,396 56,063 57,459
Wind 283 82 365 21,434 16,341 37,775
Solar 160 138 298 458 11,784 12,242
Wind 27 20 47 1,984 3,714 5,698
Offshore - 26 26 = 27,718 27,71
Wind 8
Solar 47 125 172 347 22,702 23,048
Wind 186 103 289 20,413 24,097 44,510
MISO NYISO SPP
60 1
40 E——
=
o (24.1]
= @
3
&
© 20 27.7
214
3.71
01 128
solar wind solar wind solar wind
planned . existing solar . wind wind-ofs

Figure 2: Summary of existing and planned solar and wind capacity for by ISO.
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Figure 3: Spatial distribution of solar and wind plants contained in these datasets.

Treatment of NYISO Offshore Wind Sites

For the proposed offshore wind sites in NYISO, the location provided in the interconnection
queue data typically includes the point of interconnection on land and not the physical location
of the turbines. To capture the profiles of the turbines correctly, the locations of these sites were
updated. This was done by identifying the proposed Bureau of Ocean Management (BOEM)
wind lease zone for each proposed project, either by manual matching using information from
the project’s website or from lease award information provided by BOEM. A summary of the
planned wind sites identified as offshore wind projects and matched to BOEM leasing areas is
provided in Table 4. A map depicting the location of existing and planned NYISO sites—
including the revised location for offshore projects—is shown in Figure 4.
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Table 4: Summary of NYISO offshore wind projects.

NY Wind - East Garden City K 1272 Bay State Wind 0OCS-A 0500
NY Wind - Mott Haven J 1272 Bay State Wind 0OCS-A 0500
NY Wind - Pilgrim K 1276 Bay State Wind OCS-A 0500
NY Wind Gowanus J 1200 Bay State Wind 0OCS-A 0500
NY Wind Holbrook K 880 Bay State Wind 0OCS-A 0500
NY Wind Holbrook 2 K 1974 Bay State Wind OCS-A 0500
Vineyard Wind | K 1403 Vineyard Wind 1 OCS-A 0501
Vineyard Wind Il K 1403 Vineyard Wind 2 OCS-A 0501
El East Shoreham K 1300 Empire Wind OCS-A 0512
El Fort Salonga K 1300 Empire Wind OCS-A 0512
El Glenwood Landing K 1300 Empire Wind OCS-A 0512
El Melville K 816 Empire Wind OCS-A 0512
El Oceanside K 1000 Empire Wind OCS-A 0512
El Oceanside 2 K 500 Empire Wind OCS-A 0512
El Steinway 1 J 1300 Empire Wind OCS-A 0512
El Steinway 2 J 1300 Empire Wind OCS-A 0512
El Sunset Park J 816 Empire Wind OCS-A 0512
South Fork Wind Farm K 96 South Fork Wind OCS-A 0517
South Fork Wind Farm Il K 40 South Fork Wind OCS-A 0517
Long Island Offshore Wind K 1200 Mayflower OCS-A 0521
Long Island Offshore K 800 Mayflower OCS-A 0521
Wind Connection

New York City Offshore Wind 1200 Mayflower OCS-A 0521
East Wind 1 1200 OW Ocean Winds East OCS-A 0537

Atlantic Shores Offshore Wind 7
Atlantic Shores Offshore Wind 8
Atlantic Shores Offshore Wind 9

880 Atlantic Shores Offshore Wind Projects OCS-A 0541
880 Atlantic Shores Offshore Wind Projects OCS-A 0541
880 Atlantic Shores Offshore Wind Projects OCS-A 0541

— - =< x -

6

This report is available at no cost from the National Renewable Energy Laboratory at www.nrel.gov/publications.



45 4
444
existing
434 4 planned
42 4
solar
41 4 wind
wind-ofs
404

-80.0 775 -75.0 -725 -70.0

Figure 4: Depiction of NYISO sites, including revised location for offshore wind sites.

Classification of “likely” proposed projects

Although the interconnection queues represent possible future projects, many of the projects in the
queue may not actually be built. The final update to the site metadata was to include information
on the likelihood that planned projects from the interconnection queue would ultimately be built
and connected. This addition came at the request of the PERFORM data teams, who noted that the
buildouts implied by the full interconnection set would lead to a very large system that may be
difficult to manage and to develop into converged power flow cases. For the final PERFORM
dataset we include all projects in the queue but add a flag for each project given some indication
of'its status in the queue, which can help users of the data potentially identify subsets of the projects
for their own analyses.

To this end, the data team drew upon research from a Lawrence Berkeley National Laboratory
study which categorizes the progress of the interconnection agreement (IA) for each proposed site
(Rand et al. 2022). The categorization scheme provide includes the following levels:

e /A Executed: an interconnection agreement has been executed for the project.

e [n Progress: negotiation on an interconnection agreement is underway between the project

developer and the ISO.
e Not Started: the process for negotiating an interconnection agreement has not yet begun.
e Unknown: no data available on the status of any interconnection agreement.

Although these categories are not definitive indicators—some plants with executed IAs may not
be built, whereas other plants with no information may be built—in general these categories
indicate decreasing likelihood of deployment, with “IA Executed” indicating projects that are most
likely to be completed and “Not Started/Unknown” indicating projects that are least likely to be
built.

7
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Figure 5 provides a summary of the breakdown of planned projects by interconnection status (with
offshore and land-based wind projects summarized together as wind for NYISO). Although the
breakdown of projects by IA status varies by ISO, we hope this may provide a useful tool for the

PERFORM teams and other users when looking to prioritize projects with the highest likelihood
of success.

MISO NYISO SPP

s
=}

[0.1%)
18%

Capacity (GW)

b
=1

solar wind solar wind solar wind

Interconnection Agreement status [Jlj 14 Executed Il nProgress | Not Started Unknown

Figure 5: Summary of planned sites by progress of interconnection agreement.

2.2 Wind and Solar Actuals

To compute the “actual” renewable generation from wind and solar plants in 2018-2019, wind and
solar resource data are needed. As with the ERCOT data produced during Phase I, the solar
resource is produced using NREL’s Physical Solar Model (PSM) and was derived from the 5-min
National Solar Radiation Database (NSRDB) dataset that covers the Contiguous United States
(CONUS). A detailed description of PSM and the NSRDB can be found in Sengutpa et al.

(Sengupta et al. 2022), The average Global Horizontal Irradiance for the continental U.S.
(CONUS) is illustrated in Figure 6.

8
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Figure 6: Average GHI from 2019 NSRDB.

Wind resource data for 2019 was produced using the Weather Research and Forecasting model
(WRF) following a similar procedure to the 2018 wind resource data created during Phase 1. The
only difference is that for Phase II the WRF was not run for all of CONUS, but instead as two
separate models: 1) Covering NYISO and 2) Covering MISO, SPP, and ERCOT. The WRF model
was set up using the parameters determined by Optis et al. 2020 and was seeded with the European
Centre for Medium-Range Weather Forecasts Reanalysis Version 5 (ERA-5) dataset (Optis et al.
2020). The average 100m wind speed for NYISO and other three ISOs (MISO, SPP, and ERCOT)
is illustrated in Figure 7 and Figure 8, respectively.

Figure 7: Average 100m Wind Speed for 2019 over NYISO.
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Figure 8: Average Windspeed at 100m in 2019 over MISO, SPP, and ERCOT.

To create “actual” generation profiles representative of real power plants using the NSRDB and
WREF source data, we perform the following process:

Run reV for the full spatial extent of an ISO (e.g., all of NYISO) all the way through the
reV aggregation step where spatial exclusions will be applied. This step determines the
available the technical potential from which the plants are built.

Parse the locations and technologies of wind and solar plants for the ISO of interest and
sample the currently existing plant’s technology to create technology specifications for the
planned buildouts (e.g., the AC-DC ratio for planned PV installations will be randomly
selected from the existing installations).

Run the reVX plant builder code to assign available wind and solar resource (based on the
reV output from #1) to plants based on the actual plant capacity.

Rerun reV at the final temporal resolution using the plant-specific technology assignments.
The reV output from this step will be aggregated to the final plant profiles.

Rerun the reVX plant builder using the reV generation profiles output from the previous
step as input to create the final generation profiles for each plant.

Examples of power output profiles from this process for 5 solar and 5 wind plants in NYISO are
shown in Figure 9 and Figure 10.
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Figure 9: AC power generation for five solar plants in the NYISO region for 1 day.
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Figure 10: AC power generation for five wind plants in the NYISO region for 1 day.
2.3 Wind and Solar Forecasts

Deterministic Forecasts

To generate the deterministic forecast, we rely on the European Centre for Medium-Range
Weather Forecasts (ECMWF) weather forecast data, made up of 51 ensemble members. The
ECMWF's Ensemble Prediction System (EPS) represents uncertainty in initial conditions by
creating a set of 50 forecasts (the perturbed ensemble) starting from slightly different states that
are close, but not identical, to our best estimate of the initial state of the atmosphere (the control
group). Each forecast is based on a model which is close, but not identical, to their best estimate
of the model equations, thus representing the influence of model uncertainties on forecast error.
The divergence, or spread, of the control plus 50 perturbed forecasts gives an estimate of the
uncertainty of the prediction on that day.

Two years (i.e., 2018 and 2019) of day-ahead and intra-day forecasts with an hourly resolution
were downloaded. Table 5 shows the list of ECMWF meteorological parameters, which serve as
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ECMWF download requests were optimized to minimize the total time required (queueing time +
downloading time).

Table 5: ECMWF parameters.
Name Category Units
Direct solar radiation Irradiance Jm-2
Surface solar radiation downwards Irradiance Jm-2

Total sky direct solar radiation at surface Irradiance Jm-2

Clear-sky direct solar radiation at surface Irradiance (Clearsky) Jm-2
10 metre U wind component Wind m s-1
10 metre V wind component Wind m s-1
100 metre U wind component Wind m s-1
100 metre V wind component Wind m s-1
Surface pressure Pressure hPa

2 metre temperature Temperature K

2 metre dewpoint temperature Temperature K

Figure 11: Bounding boxes for the four ISOs.

We generated forecasted plant power generation profiles using the ECMWF solar and wind
resource data for MISO, SPP, and NYISO. The process is identical to the steps outlined above to
create the “actuals” power generation profiles but instead of using the NSRDB and WRF data we
use the ECMWF solar and wind forecast data. The result is 153 forecast profiles to accompany the
“actual” profiles: intraday, 1-day-ahead, and 2-day-ahead forecasts for the control model and 50
perturbed forecast models (3+3x50=153).

The format of the forecast profile outputs is the same as the actuals (one profile for every plant)
but with a different time index to account for the different temporal resolution of the source
ECMWEF data. Examples are shown below of solar and wind profiles at a single plant comparing
the actuals to several of the forecasts. Not all 153 forecast profiles are shown in a single plot for
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clarity. As we can see from both plots, the deterministic forecasts are biased and tend to
underestimate the power. The probabilistic forecasts we generate in the following section will post
process the deterministic forecasts to mitigate both bias and under-dispersion issues.
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Figure 12: PV power generation (actuals and forecasts) for the IKEA Oak Creek Rooftop PV
system in the MISO domain.
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Figure 13: Wind power generation (actuals and forecasts) for the Trimont Wind Plant in the MISO
domain.

Probabilistic Forecasts

Based on the ECMWF-derived solar and wind power forecasts, the Bayesian Model Averaging
(BMA) and the machine learning-based multi-model (M3) methods are used to generate
probabilistic solar and wind forecasts at intraday/day-ahead, and hour-ahead timescales,
respectively. This section describes each of those approaches in turn.

For the intraday and day-ahead probabilistic solar and wind power forecasting we use Bayesian
Model Averaging (BMA) approach. BMA is a kernel dressing technique that applies a probability
density to each member of a numerical weather prediction (NWP) ensemble, with each member
dressed in a mixture model: each model includes a discrete component forecasting power clipped
at the inverter rating plus a continuous kernel for outputs that are less than the rated maximum
(Doubleday et al. 2021). As is appropriate for this method, we gathered perturbed forecast data
and control forecast NWP ensemble data from ECMWEF. These NWP ensembles are then post-
processed with BMA to address weaknesses and to smooth the ensemble from a discrete set of
points to a full cumulative distribution function (CDF), mitigating bias and under-dispersion
typically found in these ensembles.

The intra-day and day-ahead forecasting errors and scores use BMA with Beta kernels for solar
power forecasting. Similar to the solar power forecasting, we apply BMA to the intraday and day-
ahead probabilistic wind power forecasting. The only difference is that Gaussian kernels work
better than Beta kernels for wind power forecasting.
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We generate probabilistic forecasts from 1 to 99™ percentiles for NYISO, MISO and SPP. The
overall forecasting performance for selected solar sites and wind sites in NYISO, MISO and SPP
is shown in Table 6 - Table 11. The forecasts are scored on these metrics using a range of metrics,
including normalized root-mean-squared error (nRMSE), normalized mean absolute error
(nMAE), mean bias error (MBE)—where a negative MBE indicates predictions are generally
lower than actuals and a positive MBE indications prediction are higher than actuals (the 50"
percentile is used to calculate deterministic forecast error metrics). Finally, we also apply the
continuous ranked probability score (CRPS)!. Based on the metrics, the probabilistic forecasts are

reliable while our forecasts are accurate from the deterministic perspective.

Table 6: Forecasting accuracy for selected NYISO solar sites.

Site

Baer_Road_CSG

Barneveld_Solar

Brookside_Solar

Harford_Solar_Farm
Hobart_William_Smith_College_Gates_Rd
Kinder_Morgan_Fordham
Madison_County

Minisink_Solar_1_LLC

nRMSE
[%]

8.12
8.02
7.68
7.89
6.69
7.15
7.88
7.95

nMAE [%]

4.85
4.93
4.82
4.50
3.58
3.76
4.62
4.65

MBE
[MW]

0.095
0.028
3.015
0.098
0.006
0.078
0.092
0.085

Table 7: Forecasting accuracy for selected MISO solar sites.

Site

FastSun_14_CSG

GRE_Marshan_Solar
IKEA_Oak_Creek_Rooftop_PV_System
McLeod_Community_Solar_One_LLC_CS

Paynesville_Community_Solar

TCLP_Solar_Phase_1

Western_Michigan_Solar_Gardens

nRMSE
[%]

8.25
8.34
8.36
7.89
8.05
7.57
8.26
8.31

nMAE [%]

4.89
4.87
4.98
4.68
4.85
4.24
4.56
4.75

MBE [MW]

0.039
0.050
0.068
0.055
0.223
0.164
0.052
0.058

nCRPS [%]

3.01
2.99
3.21
3.34
2.48
2.88
3.25
3.28

nCRPS
[%]

3.57
3.15
3.18
3.08
3.16
2.98
3.15
3.22

I CRPS is a metric to quantify the difference of two distributions, CRPS(F,x) = ffooo(F -1 (y—x) )dy

This report is available at no cost from the National Renewable Energy Laboratory at www.nrel.gov/publications.



Table 8: Forecasting accuracy for selected SPP solar sites.

Site NRMSE  MAE[%] mBe[mw] "CRPS

[%]
FastSun_14_CSG 8.12

[%]
3.05

4.25 0.0312

Festunle.cs6

7.95 3.89 0.0305 2.86
7.67 4.02 0.0386  2.95
7.21 3.85 0.0289 2.76
7.85 4.09 0.1524 2.98
_ 7.08 3.61 0.0968 2.58
7.42 3.86 0.0295 2.86
7.92 3.97 0.0313 2.97

Table 9: Forecasting accuracy for selected NYISO wind sites.

nRMSE MBE
i MAE [%
Site [%] n [%] [MW]
1.25

Hardscrabble 6.15 4.12 2.85
Dutch Hill/Cohocton 8.12 4.32 2.94 3.12
Noble Wethersfield 7.43 4.14 2.89 2.96
Noble Chateaugay 6.87 4.05 2.45 2.93
Marble River 7.96 3.98 5.21 2.98
Steel Winds Il 6.50 3.82 0.58 2.56
Noble Clinton 7.24 4.18 3.24 2.95
3.25 2.85 0.05 2.15

nCRPS [%]




Table 10: Forecasting accuracy for selected MISO wind sites.

Site nRMSE NMAE [%] MBE nCRPS

[%] [MW] [%]

4.23 3.58 3.40 2.94
4.15 3.45 0.58 2.86
_ 4.20 3.48 1.25 3.05
4.18 3.50 1.28 3.10
3.95 3.27 0.32 2.79
3.85 3.21 0.08 2.65
4.12 3.80 3.56 3.13
4.05 3.78 3.12 3.08

Table 11: Forecasting accuracy for selected SPP wind sites.
Site nRMSE | nMAE [%] MBE nCRPS
[%] [MWw] [%]

Marshall Wind Energy 5.26 427 1.28 2.25

Marshall Wind Energy

5.14 4.23 0.29 2.38
4.98 4.05 0.95 2.56
5.05 4.15 3.17 3.58
_ 5.12 4.18 1.45 2.19
4.85 3.98 2.84 3.08
M 4.96 4.02 2.24 2.99
5.02 4.13 1.24 2.06



For the hour-ahead forecasts we use the machine learning-based multi-model (M3) forecasting
framework, which is a two-step data-driven methodology that provides both deterministic and
probabilistic forecasts for very short-term wind, solar, and load forecasting (Feng et al. 2017; Feng
and Zhang 2020; Feng et al. 2019). The M3 method showed superior performance than single
algorithm machine learning models regarding the accuracy and robustness. The M3 method
generates deterministic forecasts in the first step with a two-layer machine learning ensemble
algorithm, which serves as the input to the pinball loss optimization-based predictive distribution
model to generate probabilistic forecasts in the second step.

Specifically, in the deterministic forecasting step, a collection of machine learning models are used
in the first layer, including three artificial neural networks (ANNs) with backpropagation, three
support vector regression (SVR) models with different kernels, three gradient boosting machine
(GBM) models with three different distribution functions, and a random forest (RF) model. These
models generate independent deterministic forecasts, which will be ensembled in the second layer
by another machine learning model to generate final deterministic forecasts. The ensemble model
is expected to provide more accurate and robust deterministic forecasts than single-algorithm
models.

Next, in the probabilistic forecasting step, a genetic algorithm is used to optimize the standard
deviation of the predictive distributions, sigma, given the mean value (assumed to be deterministic
forecast from the first step). An SVR surrogate model is first trained based on deterministic
forecasts and sigma values, which is used to estimate pseudo sigma to generate the quantiles.

This approach was used to generate 15-99™ quantiles for site-level plants, zonal-level, and 1SO-
level solar and wind power forecasts for 2019, with the models trained using 2018 data. The
predictors include calendar features and power lags, as well as ECMWF intra-day power forecasts.
Table 12 - Table 14 list the overall forecasting evaluation metrics for selected solar sites in
NYISO, MISO, and SPP. The forecasts represent state-of-the-art accuracy from both deterministic
and probabilistic perspectives. Figure 14 - Figure 16 demonstrate the reliability of probabilistic
forecasts for selected sites in NYISO, MISO, and SPP. From the reliability diagram, it is observed
that the probabilistic forecasts are reliable, especially considering the varying characteristics of
site-level solar power time series.

17

This report is available at no cost from the National Renewable Energy Laboratory at www.nrel.gov/publications.



Table 12: Forecasting accuracy for selected NYISO solar sites.

Site nRMSE [%] nMAE [%] MBE nCRPS [%]
[Mw]

7.03 3.55 0.0500 2.51
7.03 3.59 0.0253 2.51
6.43 3.45 2.4404 2.62
6.97 3.51 0.0509 2.48

Hobart_William_Smith_College_Gates_Rd 5.62 2.82 0.0030 2.02
6.20 2.98 0.0336 2.15
7.02 3.55 0.0458 2.50
6.73 3.29 0.0400 2.37
6.99 3.50 0.0400 2.46
7.38 3.59 0.0366 2.54
7.06 3.52 0.0531 2.46
7.57 3.86 0.0572 2.74
6.54 3.49 3.3744 2.81

Table 13: Forecasting accuracy for selected MISO solar sites.

Site nRMSE nMAE MBE [MW]  nCRPS [%]

[%] [%]
FastSun_14_CSG 7.84

4.13 0.0284 291

=

7.31 3.68 0.0268 2.57
7.58 3.80 0.0345 2.66
6.97 3.56 0.0252 2.48
7.50 3.75 0.1237 2.64
_ 6.82 3.46 0.0826 2.46
7.23 3.60 0.0261 2.52
Western_Michigan_Solar_Gardens 7.62 3.76 0.0285 2.65
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Table 14: Forecasting accuracy for selected SPP solar sites.

nRMSE [%] nMAE [%] MBE nCRPS [%]
[Mw]

FastSun_14_ CSG
GRE_Marshan_Solar
IKEA_Oak_Creek_Rooftop_PV_System

McLeod_Community_Solar_One_LLC_CSG

Paynesville_Community_Solar
TCLP_Solar_Phase_1
Western_Michigan_Solar_Gardens

— Baer_Road_CSG
1.00- Barneveld_Solar

— Harford_Solar_Farm

— Hobart William_Smith_College_Gates_Rd

— Kinder_Morgan_Fordham

— Madison_County

— Minisink_Solar_1_LLC

.— RIT_Henrietta_Solar_1_LLC
075 — Riverhead y

— Steel_Sun_2_2303_Ill_4_Hamburg_Tpke

— Villa_Roma_Rd_4_CSG
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o
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Figure 14: Probabilistic forecast reliability diagram for selected NYISO solar sites.
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Figure 15: Probabilistic forecast reliability diagram for selected MISO solar sites.
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Figure 16: Probabilistic forecast reliability diagram for selected SPP solar sites.
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3 Load Data and Forecasts

This section describes the data sources and processing steps for the load actuals and the load
forecasts.

3.1 Load Actuals

NYISO

Historical 5-min load data is publicly available from NYISO online (NYISO 2021). Data was
downloaded by load zone region from 2010-2020 and then down selected to 2018-2019. Table 15
below provides summary statistics on the 5-min load data.

Approximately 0.04% of the 5-min time periods from 2018-2019 are missing from the raw NYISO
5-minute data that is available for download. The missing data gaps generally occur for an hour at
atime (i.e., 12 consecutive 5 min periods are missing) and occur for all the load zones. An example
of one of missing data gap is illustrated in Figure 17 below, whereas Figure 18 depicts which
intervals are missing data.

Table 15: Summary statistics on 5-min load data collected from NYISO for 2018-2019.

Zone Missing (%) Min Mean Max SD
0.044 830 1,357 2,452 245
0.044 1,187 1,832 3,104 287
w 0.044 206 668 1,427 157
W 0.044 717 1,114 2,078 202
_ 0.044 538 1,078 2,286 242
m 0.044 1,430 2,248 5,472 654
_ 0.044 489 900 1,436 162
m 0.044 95 311 685 79
0.044 3,753 5,902 11,110 1,265
0.044 200 533 882 66
0.044 1,157 1,740 2,802 244
0.044 11,817 17,725 31,943 3,349
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Figure 17: lllustration of the gaps in the published NYISO load for an example time window in the
1st week of January in 2018 and 2019.
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Figure 18: Heatmap of the intervals of missing data for NYISO.

To fill in these gaps, NREL used a method consisting of artificial neural network (ANN)
ensemble and linear interpolation. While simple linear interpolation would readily fill the
missing data, this approach would lack realistic variability. Instead, an ANN Ensemble
comprised of 20 ANN models was developed and used to fill the missing data with realistic
modelled data, combined with the linear interpolation to reduce model variability and address
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biasing. It was determined that an ensemble comprised of 20 ANNs produced sufficient
variability among the model outputs, as can be seen in Figure 19 below. Each ANM is trained on
the same set of data comprised of ECMWF metrological intraday forecasts from three cells
within each NYISO load zone, temporal variables, and the available 5-minute resolution load
historical data collected during the years of 2018 and 2019. Different training seeds are applied
to set up the initial weights of the ANN models, resulting in variability among the 20 ensemble

ANNSs. All missing time points within the 5-minute load data are filled using the modeled load
data.

Each member model of the ensemble is structured as an ANN with a single hidden layer. An
input layer is comprised of a row matrix of normalized scalar values corresponding to the mean
of 51 distinct ECMWF ensemble members for intraday forecasts GHI and dry-bulb temperature
from three coordinates within each load zone. The hourly intraday forecasts were interpolated to
a 5-minute resolution to allow for training of a 5-minute resolution surjective model of the load
data. In addition to these weather forecasts, minute of day, day of week, month of year, and year
were including as model predictors.
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Figure 19: ANN ensemble members and NYISO historic load data.

Each ensemble member is trained using the MLPRegressor function in the scikit-learn Python
library. Training hyperparameters were tuned to ensure that each ensemble member featured a

correlation coefficient of greater than 90%. The hyper-parameters of the training algorithm are
tabulated below:
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Table 716: Hyper-parameters of the ANN training algorithm.

Number o
. Initial

of Activation Maximum Random Learning

Parameter Solver Alpha learning Power Shuffle Tolerance rate

iterations State

hidden function rate method

nodes

7

Value 100 ‘relu’ ‘adam’ 0.0001 0.001 0.5 2000 ‘True’ ‘None’ 0.00001 ‘adaptive

The final resulting model output represented a weighted average of the mean model output from
the ANN ensemble and a simple linear interpolation of the 5-minute load data. Figure 20 below
shows the historic load data as well as model output from each member of the ANN ensemble.
The ANN Ensemble mean and the linear interpolation are given equal weights because, without
ground sensors, we cannot claim that the ANN ensemble is any closer to reality than we can assert
that a direct linear interpolation is any closer to reality. The direct average between a linear
interpolation and the ANN Ensemble mean provides realistic variability and reasonable values
about the linear interpolation. This attenuated model featured variability larger than that of the
historic load data whereas the simple linearly interpolated load data contained none of the load
variability that is present in the historical load data. Thus, the attenuated model consisting of the
weighted average of the ANN Ensemble and the linear interpolated load features more reasonable
load variability than either method individually, as shown in Figure 20.

2500 — —— ANN Ensemble
—— Linear Interpolation
—— Attenuated

2000 —

Load [MW]
@
o
o
1

500 —

T T T T
12:00 PM 3:00 PM 6:00 PM 9:00 PM
2/27/2018

Date and Time

Figure 20: Filled load data using ANN Ensemble, linear interpolation, and final attenuated results.

MISO and SPP

Neither MISO nor SPP have publicly available 5-min load data at the load zone level, although
SPP does make ISO-wide 5-min load available. Accordingly, we developed synthetic load actuals
by zone for these two ISOs by downscaling hourly data to 5-min resolution (SPP 2021; MISO
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2021). For this purpose, we apply a downscaling method previously developed for downscaling
solar profiles that relies on modeling Cholesky factors of autocovariance matrices (Zhang et al.
2022). The approach includes a nonstationary and non-Gaussian moving average model for the
purposes of stochastic temporal load downscaling from hourly resolution to 5-min resolution.

The model developed with this method is a correlated mixture of Logistic random variables whose
coefficients vary diurnally and seasonally. As direct calculations are inaccessible, we introduce an
estimation approach exploiting empirical Cholesky factors and decorrelated residuals. The
development, testing, and validation of the method was initially done on ERCOT and NYISO
datasets since those ISOs have both 5-minute and hourly resolution data available. The model is
then applied to the MISO and SPP hourly data to downscale to 5-min resolution.

Figure 21 illustrates the result of the downscaling method by comparing the heatmaps of the hourly
and the downscaled MISO BA-level data from 2018 to 2019. In each heatmap, x-axis shows time
of the day and y-axis represents day of the year. We can see that our stochastic downscaling method
not only captures the diurnal and seasonal pattern shown in the hourly heatmap but also the
interaction between diurnal and seasonal variability. This is related to the way we handle diurnal
and seasonal variations in both mean and covariance structure in our downscaling framework.
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Figure 21: Heatmaps of the hourly and downscaled MISO BA-level data.

As an important validation, the reliability plot in Figure 22 contains boxplots of empirical coverage
against nominal coverage for the NYISO load data, comparing the downscaled 5-min data from
the model with the actual historical 5-min load data. Each coverage percentage is based on 1000
downscaled ensembles, which is repeated 100 times as represented by the boxplot. A perfectly
calibrated simulation would follow the identity line; as can be seen, the median of each boxplot is
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generally close to the identity line with slight overdispersion around medium nominal levels. This
plot indicates that our model is well calibrated.

For MISO, we use the model trained on the NYISO load data to downscale the historical hourly
load into 5-min load data. In the case of SPP, the ISO does make 5-min historical load data
available for the entire ISO. Accordingly, we train the model on the SPP-wide 5-min load data and
then use that model to generate 5-min load data for each of the load zones.
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Figure 22: Reliability plot for NYISO.
3.2 Load Forecasts

Deterministic Load Forecasts

The deterministic load forecasts are generated using a convolutional neural network (CNN), a
supervised machine learning technique originally developed for images but that has been shown
to work well for timeseries problems (Zhao et al. 2017). The CNN is used to generate a filter that
is passed over input features, with the filter extracting patterns from the relevant features.

The CNN is trained on load actuals and forecasts from 2018 to produce forecasts for 2019. In
addition to the load data, the CNN is given a range of relevant input features, including dry bulb
temperature, humidity, day of the week, year, hour, month, and holiday. For the input weather
features the CNN is provided both forecast data taken from the ECMWF forecasts and actuals
based on data from three weather stations in each load zone.

Probabilistic Load Forecasts

Machine learning training has some inherent variability depending on initial conditions which can
affect forecast accuracy. To address this and develop a probabilistic load forecast, a total of 100
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CNN models were trained to map the weather forecasts to load for each load zone and ISO. Each
of the 100 CNN models were initialized with different seeds. A Gaussian distribution was fit for
each timestamp based on the 100 forecasts from the CNN models to generate load forecast
quantiles.

The probabilistic forecasts were scored based on sharpness—how well the deterministic forecasts
agree—and reliability—how well the ensemble agrees with the observed values. The forecasts are
scored on these metrics using a range of metrics, including normalized root-mean-squared error
(nRMSE), normalized mean absolute error (nMAE), mean bias error (MBE)—where a negative
MBE indicates predictions are generally lower than actuals and a positive MBE indications
prediction are higher than actuals. Finally, we apply the continuous ranked probability score
(CRPS) to measure both reliability and sharpness for each probabilistic forecast. In Table 17, the
overall forecasting performance based on intraday load forecasts for all NYISO zones and the ISO
as a whole is shown as a representative example for all forecasting horizons.

Table 17: Forecasting accuracy based on intraday forecasts for all NYISO zones and BA.

Zone nRMSE [%] nMAE [%] MBE [MW] nCRPS [%]
3.58 2.85 -15.21 2.00
3.39 2.65 -25.17 1.87
3.60 2.70 1.16 1.93
m 3.45 2.61 -10.43 1.85
_ 3.66 2.81 -12.64 1.99
m 3.60 2.72 -28.85 1.97
3.91 3.11 -1.48 2.21
4.28 3.26 1.95 2.39
2.99 2.26 -47.85 1.61
3.47 2.75 9.95 1.97
3.52 2.73 -46.31 1.93
2.90 2.30 -179.17 1.64
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Table 18: Forecasting accuracy based on intraday forecasts for all MISO zones and BA.

Zone nRMSE [%] nMAE [%] MBE [MW] nCRPS [%]
LRZ1 2.42 1.77 80.46 1.31
LRZ2_7 2.29 1.51 239.04 1.17
LRZ3_5 2.55 1.86 41.71 1.36
LRz4 2.86 2.06 23.61 1.50
LRZ6 3.09 2.20 28.39 1.62
LRZ8_9_10 2.89 2.08 114.41 1.52
ALL MISO 1.95 1.45 595.48 1.11

Table19: Forecasting accuracy based on intraday forecasts for all SPP zones and BA.

Zone nRMSE [%] nMAE [%] MBE [MW] nCRPS [%]
3.38 2.41 38.80 1.76
_ 4.75 3.23 1.39 2.46
m 4.78 3.83 -16.13 2.84
m 4.01 2.67 1.77 2.02
_ 3.66 2.67 5.28 1.96
_ 3.93 2.73 26.39 2.04

3.63 2.50 3.11 1.88
_ 4.20 2.91 5.75 2.20
_ 2.78 2.08 9.44 1.50
_ 3.52 2.41 -13.58 1.78
_ 3.31 2.18 1.58 1.63
_ 2.84 2.16 -5.72 1.59
m 4.35 2.76 3.74 2.14
_ 2.31 1.71 -21.00 1.27
m 2.50 1.93 -49.07 1.40
_ 3.84 2.76 -4.66 2.02
_ 3.33 2.35 2.92 1.72
_ 2.38 1.79 -116.69 1.30
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4 Dataset Structure and Access

Below we outline the final dataset structure for Phase I and Phase II. Documentation is available
for the datasets at https://github.com/PERFORM-Forecasts/documentation. Note that all

timeseries data are provided in UTC.

4.1 Phase |: The ARPA-E PERFORM ERCOT Dataset

The ERCOT dataset has one year (2018) renewable generation and load actuals and probabilistic
forecasts. This data is provided at various spatial (i.e., site-level, zone-level, and system-level) and
temporal scales (i.e., day-ahead, intra-day, and intra-hour). Specifically, data is provided for 125
existing wind sites, 22 existing solar sites, 139 proposed wind sites, and 204 proposed solar sites.

The following variables are provided for ERCOT:

Meta data (coordinates, capacity, and other configuration data):

o 125 actual wind sites

o 139 proposed wind sites

o 22 actual solar sites

o 204 proposed solar sites

Actual generation profiles for 2017-2018 (power [MW]):

o Wind power (site-level, zone-level, and system-level)

o Solar power (site-level, zone-level, and system-level)

o Load (zone-level and system-level)

Probabilistic forecasting generation profiles for 2018 (power [MW]):

o Wind power (site-level, zone-level, and system-level)

o Solar power (site-level, zone-level, and system-level)

o Load (zone-level and system-level)

ECMWEF deterministic weather forecasts for 2017-2018 (day-ahead and intra-day):
o Day-ahead control member forecasts

o Intra-day control member forecasts

ECMWEF generation deterministic forecasts for 2017-2018 (day-ahead and intra-day,
[MW]):

o Wind power (site-level, zone-level, and system-level)

o Solar power (site-level, zone-level, and system-level)
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https://github.com/PERFORM-Forecasts/documentation

4.2 Phase ll: The ARPA-E PERFORM NYISO, MISO, and SPP Datasets

As with ERCOT, the datasets for the other three ISOs (NYISO, MISO, and SPP) are stored in hdf5
files and uploaded to the AWS repository. These datasets are structured comparably to the ERCOT
dataset and include the following features:

Meta data (coordinates, capacity, and other configuration data)

Actual generation profile for 2018-2019 (power [MW]):

o Wind power (site-level, zone-level, and system-level)

o Solar power (site-level, zone-level, and system-level)

o Load (zone-level and system-level)

Probabilistic forecasting data for 2019 (power [MW]):

o Wind power (site-level, zone-level, and system-level)

o Solar power (site-level, zone-level, and system-level)

o Load (zone-level and system-level)

ECMWEF deterministic weather forecasts for each ISO for 2018-2019 (day-ahead and intra-
day):

o Day-ahead control member forecasts

o Intra-day control member forecasts

ECMWF generation deterministic forecasts for 2018-2019 (day-ahead and intra-day,
[MW]):

o Wind power (site-level, zone-level, and system-level)

o Solar power (site-level, zone-level, and system-level)
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