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Disclaimer

This work was prepared as an account of work sponsored by an agency of the United States Government. Neither the
United States Government nor any agency thereof, nor any of their employees, nor any of their contractors, subcon-
tractors or their employees, makes any warranty, express or implied, or assumes any legal liability or responsibility
for the accuracy, completeness, or any third party’s use or the results of such use of any information, apparatus, prod-
uct, or process disclosed, or represents that its use would not infringe privately owned rights. Reference herein to
any specific commercial product, process, or service by trade name, trademark, manufacturer, or otherwise, does not
necessarily constitute or imply its endorsement, recommendation, or favoring by the United States Government or
any agency thereof or its contractors or subcontractors. The views and opinions of authors expressed herein do not
necessarily state or reflect those of the United States Government or any agency thereof, its contractors or subcon-
tractors.

This research was performed using computational resources sponsored by the Department of Energy’s Office of
Energy Efficiency and Renewable Energy and located at the National Renewable Energy Laboratory and Argonne
National Laboratory.
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Executive Summary

Foundational dataset of ~1M end-use load profiles

for the U.S. residential and commercial building stock
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Figure ES-1. Graphical summary of the End-Use Load Profiles project

Motivation and Background

The United States is embarking on an ambitious transition to a 100% clean energy economy by 2050, which will
require improving the flexibility of electric grids. One way to achieve grid flexibility is to shed or shift demand to
align with changing grid needs. To facilitate this, it is critical to understand how and when energy is used. High-
quality end-use load profiles (EULPs) provide this information, and can help cities, states, and utilities understand
the time-sensitive value of energy efficiency, demand response, and distributed energy resources.

Publicly available EULPs have traditionally had limited application because of age and incomplete geographic
representation (Frick, Eckman, and Goldman 2017; Frick 2019). To help fill this gap, the U.S. Department of Energy
(DOE) funded a three-year project—End-Use Load Profiles for the U.S. Building Stock—that culminated in the
release of a publicly available dataset' of simulated EULPs representing residential and commercial buildings across
the contiguous United States. The motivation for this work is further detailed in a November 2019 report: Market
Needs, Use Cases, and Data Gaps (Mims Frick et al. 2019).

This Methodology and Results report provides detailed descriptions of how the dataset was developed, intended for
an audience of dataset and model users interested in the technical details. These details include descriptions of all
of the model improvements made for calibration and the final comparisons to empirical data sources. A companion
report, End-Use Load Profiles for the U.S. Building Stock: Applications and Opportunities, will be published subse-
quently and will describe example applications and considerations for using the dataset, intended for an audience of
general dataset users.

Project Team
The project team included researchers from the National Renewable Energy Laboratory (NREL), Lawrence Berkeley
National Laboratory (LBNL), and Argonne National Laboratory (ANL). The project was guided by an extensive

1 As of October 28, 2021, the dataset is available at https://www.nrel.gov/buildings/end-use-load- profiles.html
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technical advisory group (TAG) of 92 individuals representing 61 organizations, including stakeholders from elec-
tric utilities, independent system operators (ISOs) and regional transmission organizations (RTOs), public utility
commissions, state and local governments, consulting firms, software companies, academic institutions, nongovern-
mental organizations representing utilities and regional efficiency groups, and DOE. A full list of TAG members is
included in Appendix A. As a project partner, the Electric Power Research Institute assisted the project team with
utility data outreach. Northeast Energy Efficiency Partnerships received funding from the New York State Energy
Research and Development Authority and the Massachusetts Clean Energy Center to engage with stakeholders in
the Northeast, assist with data gathering and outreach, and develop a data inventory and needs assessment for the
Northeast (Titus and McChalicher 2021).

Methodology

Historical and contemporary efforts to develop EULPs for particular regions have used direct submetering of a
statistically representative sample of buildings. Applying such an approach to the contiguous United States would
have cost an order of magnitude higher than the already significant budget for this project, would have likely been
limited in coverage of building types and end uses, and would not have resulted in calibrated models that enable
future what-if analyses of scenarios involving energy efficiency, electrification, demand flexibility, and changes in
climate or behavior.

Our hybrid approach—using a wide range of empirical data to inform updates to detailed physics-simulation build-
ing stock models—produced EULPs covering all major commercial and residential building types and end uses,

for all locations of the contiguous United States. More importantly, the calibrated building models enable what-if
scenario analyses. Although a pure submetering approach was not feasible for the national DOE EULP effort, our
approach would not have been possible without the foresight of organizations that have invested in regional end-use
submetering load research. Our work was also made possible by the ratepayer- and taxpayer-funded investments in
advanced metering infrastructure over the past decade. We have fully documented our hybrid approach methodology
in Section 2 and model calibration updates in Section 3.

To implement our hybrid approach, we adopted a framework for calibration, validation, and uncertainty quantifi-
cation (UQ) and defined quantities of interest (QOI) used to evaluate calibration progress, validation accuracy, and
uncertainty (Section 2.1.1). As documented in Section 2.3, we reviewed the types of calibration relevant to building
energy modeling—manual, automated, and output calibration—and the advantages and disadvantages of each. We
summarized the few examples of load profile model calibration that existed prior to this project, which all informed
our work to some degree, and established a calibration philosophy to guide the calibration for this project.

Empirical Data Sources

We worked with more than 30 data sharing partners to obtain the empirical data used for calibration and validation.
This involved navigating privacy concerns and data transfer issues in order to obtain customer meter data and build-
ing metadata from about a dozen utilities (Sections 2.3.6 and 2.3.7). We developed an approach to process the meter
data, associate it with building characteristics, and clean it for use in validation (Section 2.3.5). Whereas utility meter
data enabled validation of whole-building and whole-sector load, we needed empirical timeseries data broken out by
end use to calibrate our modeled end uses. There were a variety of residential end-use datasets available for use in
this project (Section 2.3.6). In contrast, lack of commercial end-use data was a major data gap identified at the start
of the project. Undertaking an end-use monitoring study would not have yielded data in time to use it for calibration,
so we pursued a major outreach effort that resulted in procuring existing commercial end-use data from a range of
unconventional sources (Section 2.3.5). In total, we used 33 empirical data sources for residential calibration and
validation (Table 2) and 26 sources for commercial calibration and validation (Table 3).

We studied whether residential end-use data were transferable between regions, concluding that, with some excep-
tions, the shapes of most non-weather dependent end uses can be considered transferable between regions, though
the magnitude of the end uses will vary depending on factors such as the saturation of end-use equipment in a given
location (Section 2.3.9). Our project relies on physics-based simulations to model how end uses that depend on
weather (cooling, space heating, and water heating) or location (lighting) vary from region to region. As such, his-
torical weather data were another key aspect of empirical data for this project. We developed new capabilities to
construct historical weather data files using ground-based measurements for most variables (temperature, humidity,
wind speed/direction, and pressure) and satellite-derived solar radiation data (Section 2.4).

viii
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Calibration

To calibrate the EULP dataset, we made more than 70 improvements to the ResStock™ and ComStock™ models.
To align with the phased timing of when we obtained empirical meter datasets, we divided the calibration effort

into five residential and four commercial regional phases, each including comparisons to one or more utility meter
datasets in a similar region. By design, calibration did not involve automated or manual tuning of inputs to minimize
error, which often leads to “getting the right answer for the wrong reason.” Instead, the objective of calibration was
to make model improvements that reduce model error, but only when supported by data, such as weather, census, real
estate, time use, EIA surveys, and submetering data (see Tables 2 and 3 for full lists of ResStock and ComStock data
sources). The calibration process relied on both data science and buildings domain expertise.

We developed a novel approach to building stock model sensitivity analysis to evaluate which input parameters are
more important for the improvements made for calibration (Section 3.1). Model improvements were typically in the
form of increased accuracy, diversity, or resolution of input parameter distributions, as documented comprehensively
in Section 3. To improve the realism of individual housing unit load profiles, we developed a novel approach to
simulating stochastic occupant behavior schedules and integrated it into ResStock, as discussed in Section 3.2.1.

As a final step in residential calibration, we developed an output correction model to reduce some of the remaining
model error, as presented in Section 3.2.10.

Validation

A “validated” model does not mean that the outputs perfectly match the available empirical data; it means that
model accuracy was evaluated for the quantities of interest and reported so that EULP data users know what level of
confidence they should have when putting them to use. EULP data users should review the detailed validation results
presented in Section 4, where, for each comparison, we provide discussion of accuracy and possible explanations

for discrepancies. One finding from this research is that there can be a large degree of uncertainty in empirical

load data, particularly for commercial buildings when disaggregating by building type or calculating energy use
intensity, because of the metadata matching process (Section 4.2.2). Readers and data users may also be interested to
understand how much accuracy improved as a result of the model input updates made for calibration; see examples
in Figures ES-2 and ES-3 and discussion in Section 5.1.2.
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Figure ES-2. Before and after calibration example: ResStock comparisons to load research data (LRD)
average daily profiles (note: before and after years are different). See Section 5.1.2 for a full discussion of
how accuracy improved as a result of the model input updates made through calibration.
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Avg. Weekday, Fort Collins, CO
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Figure ES-3. Before and after calibration example: ComStock comparisons to Fort Collins advanced metering
infrastructure (AMI) average daily profiles. See Section 5.1.2 for a full discussion of how accuracy improved
as a result of the model input updates made through calibration.

Uncertainty Quantification

Uncertainty in results is discussed at a high level in Section 5.1.3. We quantified the uncertainty ranges around model
outputs by developing and applying a novel approach to building stock model uncertainty quantification that used
trained timeseries surrogate models to evaluate millions of permutations of model inputs in order to propagate input
uncertainty ranges through to outputs (Section 4.4). Results of this input uncertainty quantification indicate that the
uncertainty in seasonal or top 10 day average peak magnitude is typically in the 3-9% range for ResStock and 4—
11% for ComStock, depending on the season, building type, and region. The daily minimum base load magnitude
has slightly lower uncertainty, with values in the 1-4% range for ResStock, and 3—6% for ComStock. Annual energy
uncertainty is in the 3—6% range for ResStock and 3—8% for ComStock. Peak time uncertainty is typically 45-90
minutes for ResStock and 30-90 minutes for ComStock, depending on the season, building type, and region.

The other major source of model uncertainty is uncertainty from the use of insufficient numbers of ResStock or
ComStock samples to estimate quantities of interest in particular locations or segments of the building stock (Sec-
tion 5.1.3). This is an area of ongoing work, but our preliminary ResStock analysis showed that a sample of 1,000
dwelling units results in sample size uncertainty—that is, the error relative to the result with 1,000,000 samples—
of less than 15% for all quantities of interest. With 10,000 samples, the uncertainty drops to less than 10% for all
quantities of interest. Therefore, we recommend users ensure that there are at least 1,000 samples in a query of the
data or in a downloaded aggregate data file. If there are less than 1,000 samples for a given query or aggregate, we
recommend combining nearby geographies (e.g., counties) to increase the sample size.

Conclusion

The final product of this project is the first version (1.0) of an EULP dataset containing calibrated and validated 15-
minute resolution load profiles for all major residential and commercial building types and end uses, for all locations
of the contiguous United States. Although our hybrid approach was similar to some previous examples that used tens
or hundreds of building energy models, the scale of our application was unprecedented, both in terms of empirical
data gathered—2.3 million meters worth of hourly data from 11 utilities—and in terms of the granularity of building
stock simulation—900,000 building energy models representing 58 billion ft> of commercial buildings and 133
million residential dwelling units.

The EULP dataset is available in three formats>—(1) via a web viewer, (2) as downloadable spreadsheet files, and
(3) in a detailed format that can be queried with big data tools—to maximize accessibility for different types of users.

2 All three methods for accessing the EULP dataset can be found on the dataset website: https://www.nrel.gov/buildings/end-use-load-profiles.html
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The OpenStudio® model input files are also available for building energy modelers to use for their own analyses.
Utility planners, consultants, regulators, state energy offices, researchers, and building owners are now able to use
these resources, along with tools such as Berkeley Lab’s forthcoming Time-Sensitive Value Calculator, to estimate
the value of energy efficiency, demand response, and other distributed energy resources. Such analysis can be used to
guide utility resource and distribution system planning, research and development prioritization, and state and local
energy planning and regulation.

The EULP dataset can be updated over time by incorporating new input data (weather, census, real estate, time use,
EIA surveys, and so on) into the models as they become available, giving the load models longevity beyond this
calibration effort and beyond EULPs developed through a pure end-use submetering approach. Additionally, the
calibrated models can be a foundation to develop end-use savings shapes that describe the difference in energy con-
sumption between the current building stock and the building stock with an energy saving, electrification, flexibility,
or other measure applied.

The EULP dataset and calibrated building stock models can play a key role by helping us understand, with more
accuracy than ever before, how buildings and their occupants interact with the national electricity system, and the
role that high-performing, energy-efficient, and demand-flexible buildings can play in an equitable transition to a
decarbonized, affordable, and reliable energy system.
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1 Introduction

1.1 Project Overview

1.1.1 Motivation and Background

End-use load profiles (EULPs) describe how and when energy is used. EULPs are critically important to utilities,
public utility commissions, state energy offices, and other stakeholders. Applications focus on understanding how
efficiency, demand response, and other distributed energy resources are valued and used in research and development
prioritization, utility resource and distribution system planning, and state and local energy planning and regulations.
Consequently, high-quality EULPs are also critical for widespread adoption of grid-interactive efficient buildings
(GEBs).? For example, EULPs can be used to accurately forecast energy savings in buildings or to identify energy
activities that can be shifted to different times of the day. For a full discussion of the market needs and use cases
addressed by this project, see Mims Frick et al. (2019).

Publicly available EULPs have had limited application because of age and incomplete geographic representation
(Frick, Eckman, and Goldman 2017; Frick 2019). To help fill this gap, the U.S. Department of Energy (DOE) funded
a three-year project—End-Use Load Profiles for the U.S. Building Stock—that culminated in the release of a publicly
available dataset of simulated EULPs for the stock of residential and commercial buildings in the contiguous United
States.* The project team included researchers from the National Renewable Energy Laboratory (NREL), Lawrence
Berkeley National Laboratory (LBNL), and Argonne National Laboratory (ANL). The Electric Power Research
Institute assisted the project team with utility data outreach. Another project partner, Northeast Energy Efficiency
Partnerships, received funding from the New York State Energy Research and Development Authority and the
Massachusetts Clean Energy Center to engage with stakeholders in the Northeast, develop a data inventory and
needs assessment for the Northeast, and assist with data gathering and outreach within the Northeast (Titus and
McChalicher 2021). The project was guided by an extensive technical advisory group (TAG, members listed in
Appendix A).

1.1.2 Project Approach and Components

The primary focus of the End-Use Load Profiles for the U.S. Building Stock project was calibrating and validat-

ing the EULP outputs from models of the U.S. residential and commercial building stocks—ResStock™ and
ComStock™. A variety of empirical ground truth datasets, including utility meter data from more than 2.3 mil-

lion customers, various end-use submetering datasets, and other public and private datasets related to energy use in
buildings, were used in the calibration and validation effort. The major components of the project are summarized in
Figure 1.

One important question to address is: “why didn’t this project use direct submetering of a statistically representative
sample of residential and commercial buildings to develop EULPs?” The first reason is that the costs were estimated
to be an order of magnitude higher than the already significant available budget. These cost estimates were an ex-
trapolation of the budget and scope of the competitively bid Northwest End Use Load Research Project recently
commissioned by the Northwest Energy Efficiency Alliance (NEEA 2021b, NEEA 2021a). The second reason is
that by using the selected approach, in addition to generating EULPs that represent the existing building stock, we
are generating calibrated models of the building stock. These models are valuable because they can later be used to
perform what-if analyses to estimate the impacts of various potential changes to the building stock to inform public-
and private-sector decision-making.

3See https://www.energy.gov/eere/buildings/grid-interactive-efficient-buildings for more information on GEBs.
4As of October 28, 2021, the dataset is available at https://www.nrel.gov/buildings/end-use-load-profiles.html
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Figure 1. Major components of the End-Use Load Profiles for the U.S. Building Stock project

Market Needs, Use Cases, and Data Gaps

The first year of the project was focused on identifying and prioritizing use cases for EULPs, defining EULP data
requirements for those use cases, defining the data needed for model calibration/validation, and identifying major
data gaps. We assembled a TAG to assist with these tasks. Throughout the project, the TAG met quarterly to provide
input on these activities (in year one), and to provide feedback on the calibration/validation process and the dataset
publication plan (in years two and three). The TAG was composed of 92 individuals representing 61 organizations,
including stakeholders from electric utilities, independent system operators (ISOs) and regional transmission orga-
nizations (RTOs), public utility commissions, state and local governments, consulting firms, software companies,
academic institutions, nongovernmental organizations representing utilities and regional efficiency groups, and DOE.
Geographically, our TAG members are located in 20 states that cover seven of the eight North American Electric
Reliability Corporation regions, with many members conducting work regionally or nationally. A full list of TAG
members can be found in Appendix A. The results of the project’s first year are published in End-Use Load Profiles
for the U.S. Building Stock: Market Needs, Use Cases, and Data Gaps (Mims Frick et al. 2019).

Acquisition of Data for Calibration/Validation

The next major component of the project—spanning all three years—was acquiring empirical data for calibration
and validation of the ResStock and ComStock models. We obtained access to a range of measured data, includ-

ing utility meter data from more than 2.3 million customers, utility meter metadata, various end-use submetering
datasets, and other public and private datasets related to energy use in buildings. The types of data collected, collec-
tion process, and data processing methodology are discussed in Section 2.3 of this report.

New Residential Stochastic Occupant Behavior Model

The goal of this project was to produce EULPs at both the aggregate and individual building scales. Aggregate
profiles represent the total profile for an end use in one or more customer segments in a utility territory or other
region. Individual profiles represent real building or housing unit patterns, complete with the normal spikes and
variability present in individual buildings and housing units. This is particularly important at the housing unit level;
in large commercial and multifamily buildings, loads driven by stochastic occupant behavior are smoothed out

to some degree, because of the larger number of occupants and the lesser degree of control that occupants have

over end-use loads. To improve the realism of individual housing unit load profiles, we developed a new stochastic
occupant behavior simulator and integrated it into ResStock, as discussed in Section 3.2.1. On the commercial side,
we explored ways to improve the representation of occupant behavior in commercial buildings, but ultimately did not



End-Use Load Profiles for the U.S. Building Stock:
Methodology and Results of Model Calibration, Validation, and Uncertainty Quantification

have sufficient data to implement any improved methods. We did derive commercial building operation variability
from advanced metering infrastructure (AMI) data and integrate this variability into ComStock (Section 3.3.17).

Model Calibration, Validation, and Uncertainty Quantification

The remainder of the project, spanning years two and three, was focused on ResStock and ComStock calibration,
validation, and uncertainty quantification. These topics are the main subject of this report. An overview of the Res-
Stock and ComStock approach to building stock modeling is presented in Section 2.2. Sections 2.3 and 2.5 present
the methodology used for calibration, validation, and uncertainty quantification. Section 3 presents the changes
made to ResStock and ComStock model inputs over the course of the calibration process. Section 4 presents the final
results of model validation, consistent with the publicly released dataset. Section 5 presents a brief discussion and
concluding remarks.

Project Outcomes

The culmination of this three-year project was the release of a publicly available dataset of simulated EULPs for

the stock of residential and commercial buildings in the contiguous United States. In Section 4.3 we describe the
published dataset and the three different ways to access it. Beyond the dataset of EULPs, we also published the set of
calibrated building energy models in the OpenStudio® model (.osm) format, to enable our industry and researcher
audience to model the impact of future scenarios and technology adoption.

In addition to this document, the project website provides instructions on how to access and download the various
dataset formats, along with a frequently asked questions (FAQ) section. An accompanying report, End-Use Load
Profiles for the U.S. Building Stock: Applications and Opportunities, provides discussion of applications and op-
portunities for using the dataset, with examples relevant for utilities, policymakers, technology developers, and
researchers (Frick and Pigman 2022).

Ultimately, the outcomes of this project will help a broad audience—electric utilities, ISO/RTOs, public utility com-
missions, state and local governments, consulting firms, software companies, academic institutions, nongovernmen-
tal organizations, and DOE—make critical decisions about prioritizing research and development, utility resource
and distribution system planning, and state and local energy planning and regulation. Additionally, the project out-
comes can be a foundation for future work to develop end-use savings shapes that describe the difference in energy
consumption between a baseline building and a building with an energy efficiency, electrification, or demand flexibil-
ity measure applied.
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2 Methodology

2.1 Overall Approach to Calibration, Validation, and Uncertainty Quantification
2.1.1 Definitions and Framework

Our approach to calibration, validation, and uncertainty quantification for this project is based on the framework
presented in Assessing the Reliability of Complex Models: Mathematical and Statistical Foundations of Verification,
Validation, and Uncertainty Quantification by the National Research Council of the National Academies (National
Research Council 2012). The authors of the document examined practices for verification, validation, and uncer-
tainty quantification (VVUQ) of large-scale computational simulations across several research communities and
identified common concepts, terms, approaches, tools, and best practices of VVUQ. We adopt the terminology of this
document, as directly taken from Section 1.2 of the National Research Council (2012):

e Verification. The process of determining how accurately a computer program (“code”) correctly solves the
equations of the mathematical model. This includes code verification (determining whether the code correctly
implements the intended algorithms) and solution verification (determining the accuracy with which the
algorithms solve the mathematical model’s equations for specified quantities of interest (QOI)).

e Validation. The process of determining the degree to which a model is an accurate representation of the real
world from the perspective of the intended uses of the model (from Guide for the Verification and Validation of
Computational Fluid Dynamics Simulations 1998).

o Uncertainty quantification (UQ). The process of quantifying uncertainties associated with model calculations
of true, physical QOI, with the goals of accounting for all sources of uncertainty and quantifying the contribu-
tions of specific sources to the overall uncertainty.

We add to this our own definitions for model calibration and output correction:

e Calibration. The process of using empirical data to inform changes to model input parameters or changes to
model structure.

e Output correction. The process of using a mathematical correction model to tune or correct the outputs of Res-
Stock based on empirical data, with the goal of reducing any remaining discrepancies between model outputs
and available empirical data after the calibration process is complete. For this project, output correction only
applies to ResStock, because empirical data necessary for ComStock were not available. See Section 3.2.10
for a full description of the output correction model.

Figure 2 shows how these concepts relate to the true, physical system (end-use loads from real buildings), the math-
ematical model (represented by ComStock, ResStock, EnergyPlus, and OpenStudio in our case), and the compu-
tational model (sampling schemes and the numerical methods in EnergyPlus for solving building energy and mass
balance questions). Because ComStock and ResStock are not mathematical models, but rather probabilistic rep-
resentations of the building stock, they serve the role of providing input distributions to the mathematical model
(EnergyPlus and OpenStudio) in our framework.

Extensive work has been completed on verification of accuracy of the EnergyPlus simulation engine (Judkoff and
Neymark 2013, Judkoff et al. 2017). Thus, this project does not include verification. We do comment on one aspect
of verification: how the number of ComStock or ResStock samples used to calculate model outputs affects the
uncertainty of those outputs (e.g., estimates of peak demand in low population counties will have greater uncertainty
because they are assigned fewer samples in the national-scale ComStock and ResStock simulations; see Uncertainty
Due to Model Sample Size).
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Figure 2. Verification, validation, and prediction as they relate to the true, physical system, the mathematical
model (ResStock, ComStock, EnergyPlus, and OpenStudio in our case), and the computational model
(sampling schemes and numerical method to solve building energy and mass balance questions in our case).
(Adapted from National Research Council 2012)

2.1.2 Quantities of Interest

The calibration and validation process involves comparing stock model outputs to empirical data. For timeseries
data, industry standards include the normalized mean bias error (NMBE) and coefficient of variation of root mean
squared error metrics (CV(RMSE)) presented in ASHRAE Guideline 14 (ASHRAE 2014). NMBE and CV(RMSE)
can be useful metrics, but they weight every time period (month or hour of the year) equally. For the use cases of
EULPs identified with the TAG, certain hours (e.g., hours of peak demand) are much more important than other
hours. Thus, for this project we developed a specific set of 12 metrics—quantities of interest (QOI)—designed to
reflect the most important values for the primary use cases of EULPs. These QOIs are described in Table 1. By
developing these QOIs before calibration started and tracking them throughout the calibration process, we were able
to evaluate our progress and prioritize model changes based on metrics that have the most significance to the users
of the final dataset. These QOIs are the primary way that we judge the model outputs, and are used throughout this
document in presenting both the calibration/validation results and uncertainty quantification results.

Definition of Seasons in QOIs

We use the terms “summer,” “shoulder,” and “winter” in these QOI descriptions to make interpretation intuitive.
Because the QOIs are calculated for regions with different climates, we created a definition that could be applied to
any climate. The choice of temperature cutoffs was based on research into the points at which, as a group, buildings

transition from heating to no conditioning to cooling.

For each calendar month, calculate average daily temperature

e Season = winter if average daily temperature < 55°F

Season = shoulder if 55°F < average daily temperature < 70°F

e Season = summer if average daily temperature > 70°F
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Table 1. Quantities of Interest (QOI): This set of 12 QOIl was designed to reflect the most important model
outputs for the primary use cases of EULPs

Qol Example Units
Annual energy use kWh

Daily minimum base load, average of all days in season, summer kW (avg. over 1 hour)
Daily minimum base load, average of all days in season, shoulder kW (avg. over 1 hour)
Daily minimum base load, average of all days in season, winter kW (avg. over 1 hour)
Daily peak load, average of all days in season, summer kW (avg. over 1 hour)
Daily peak load, average of all days in season, winter kW (avg. over 1 hour)
Daily peak load, average of top 10 days of season, summer kW (avg. over 1 hour)
Daily peak load, average of top 10 days of season, winter kW (avg. over 1 hour)
Daily peak timing, average of all days in season, summer Hour/minute of day
Daily peak timing, average of all days in season, winter Hour/minute of day
Daily peak timing, average of top 10 days of season, summer Hour/minute of day
Daily peak timing, average of top 10 days of season, winter Hour/minute of day

As shown in Figure 3, the season assigned to each calendar month can vary depending on the location and the
weather during a particular year. Also, as exemplified by Seattle in 2019, a region does not necessarily have all
three seasons (Seattle has no summer in 2019).

year city jan feb mar apr may jun jul aug sep oct nov dec

2016 Fort Collins, CO winter
2019 Seattle, WA shoulder
2019 Portland, OR summer

Figure 3. Season assignments for three example regions

2.1.3 Organization of the Methodology Section

The remainder of the Methodology section is organized as follows. Section 2.2 describes the methodology of Res-
Stock and ComStock, including data sources, sampling techniques, physics-simulation engines, and model outputs.
Section 2.3 describes the methodology used for the calibration and validation procedure, including what empirical
data were used and how they were obtained, our multidimensional region-by-region calibration strategy, and an
end-use transferability study. Section 2.4 describes how the input weather data were developed and Section 2.5 de-
scribes our methodology for uncertainty quantification via propagation of input uncertainty ranges through surrogate
models.

Documentation of the calibration process itself—the improvements made to the models—is presented in Section 3,
Model Calibration. The results of validation are presented in Section 4, Results. The results of uncertainty quantifi-
cation are presented in Section 4.4.

2.2 Methodology: ResStock and ComStock

ResStock and ComStock are physics-based simulation models developed to represent the energy use and energy
saving potential of residential and commercial building stocks with high granularity at national, regional, and local
scales. ResStock and ComStock are models that have been developed and maintained by NREL since 2014 and
2016, respectively.

Compared to other building stock models, ResStock and ComStock typically use a large number of representative
models—10,000s or 100,000s, depending on the application—to represent the building stock with high fidelity.
Unlike some urban building energy modeling approaches, ResStock and ComStock do not attempt to generate a
physics model for every building, but rather use a relatively large number of statistically sampled models to represent
the building stock with a realistic diversity of building characteristics. The major data sources for ResStock and
ComStock are listed in Table 2 and Table 3, respectively.
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Table 2. Major Data Sources Used in ResStock (as of the publication of this report and EULP dataset v1.0)

ResStock Parameter

Data Source

American Housing Survey

Spatial definitions are from U.S. Census 2010.; Core Based Statistical Area (CBSA)

(AHS) Region data based on the February 2013 CBSA delineation file.
ASHRAE IECC Climate Unit counts are from the American Community Survey 5-yr 2016.; Spatial defini-
Zone 2004 tions are from U.S. Census 2010.; Climate zone data are from ASHRAE 169 2006,

IECC 2004, and M.C. Baechler 2015.

Bathroom Spot Vent Hour

Same as occupancy schedule from Wilson et al. “Building America House Simula-
tion Protocols” 2014.

Bedrooms

2017 AHS microdata.; Building type categorization based on U.S. EIA 2009 Resi-
dential Energy Consumption Survey (RECS).

Building America Climate
Zone

Unit counts are from the American Community Survey 5-yr 2016.; Spatial defini-
tions are from U.S. Census 2010.; Climate zone data are from ASHRAE 169 2006,
IECC 2004, and M.C. Baechler 2015.; ISO and RTO regions are from EIA Form
861.; CBSA data based on the Feb 2013 CBSA delineation file.

CEC Climate Zone Census tract definitions are from U.S. Census 2010.; Zip code definitions are from
the end of Q2 2020.; The climate zone to zip codes in California is from the Califor-
nia Energy Commission website.

Ceiling Fan Wilson et al. “Building America House Simulation Protocols” 2014, national aver-

age used as saturation.

Census Division

Spatial definitions are from U.S. Census 2010.

Census Division RECS U.S. EIA 2015 RECS codebook.

Census Region Spatial definitions are from U.S. Census 2010.

Clothes Dryer 2017 AHS microdata; CBSA data based on the Feb 2013 CBSA delineation file.
Clothes Washer U.S. EIA 2009 RECS microdata.

Clothes Washer Presence 2017 AHS microdata; CBSA data based on the Feb 2013 CBSA delineation file.
Cooking Range (Fuel type) RECS 2009; (Usage) engineering judgment.

Cooling Setpoint

U.S. EIA 2009 RECS microdata.

Cooling Setpoint Has Offset

U.S. EIA 2009 RECS microdata.

Cooling Setpoint Offset
Magnitude

U.S. EIA 2009 RECS microdata.

Cooling Setpoint Offset
Period

U.S. EIA 2009 RECS microdata.

Corridor Engineering judgment.

County Unit counts are from the American Community Survey 5-yr 2016.; Spatial defini-
tions are from U.S. Census 2010.

Dehumidifier Not applicable (dehumidifiers are not explicitly modeled separate from plug loads)

Dishwasher U.S. EIA 2009 RECS microdata.

Door Area Engineering judgment.

Doors Engineering judgment.

Ducts (duct insulation as a function of location) IECC 2009; (leakage distribution) Lucas

and Cole, "Impacts of the 2009 IECC for Residential Buildings at State Level’, 2009;
(duct location) Wilson et al., 'Building America House Simulation Protocols’, 2014

Electric Vehicle

Not applicable (electric vehicle charging is not currently modeled separate from plug
loads)

Geometry Attic Type

U.S. EIA 2009 RECS microdata.

Geometry Building Hori-
zontal Location multifamily
(MF)

Calculated directly from other distributions.

Geometry Building Hor-
izontal Location single-
family attached (SFA)

Calculated directly from other distributions.
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Table 2: Major Data Sources Used in ResStock (Continued)

ResStock Parameter

Data Source

Geometry Building Level
MF

Calculated directly from other distributions.

Geometry Building Number
Units MF

U.S. EIA 2009 RECS microdata.

Geometry Building Number
Units SFA

U.S. EIA 2009 RECS microdata.

Geometry Building Type 5-yr 2017 Public Use Microdata Samples (PUMS). IPUMS USA, University of
ACS Minnesota, www.ipums.org.

Geometry Building Type Calculated directly from other distributions.

Height

Geometry Building Type
RECS

5-yr 2017 PUMS. IPUMS USA, University of Minnesota, www.ipums.org.

Geometry Floor Area

2017 AHS microdata.

Geometry Floor Area Bin

The sample counts and sample weights are constructed using U.S. EIA 2009 RECS
microdata.; Geometry Floor Area bins are from the UNITSIZE field of the 2017
AHS.

Geometry Foundation Type

U.S. EIA 2009 RECS microdata.

Geometry Garage

U.S. EIA 2009 RECS microdata.

Geometry Stories

U.S. EIA 2009 RECS microdata.

Geometry Stories Low Rise

Calculated directly from other distributions.

Geometry Wall Exterior
Finish

Homeland Infrastructure Foundation-Level Data (HIFLD) Parcel data.

Geometry Wall Type HIFLD Parcel data.

Geometry Wall Type And HIFLD Parcel data.

Exterior Finish

HVAC Cooling Efficiency The sample counts and sample weights are constructed using U.S. EIA 2009 RECS
microdata.; Efficiency data based on CAC-ASHP-shipments-table.tsv, room_AC_-
efficiency_vs_age.tsv and expanded_HESC_HVAC _efficiencies.tsv combined with
age of equipment data from RECS.

HVAC Cooling Type The sample counts and sample weights are constructed using U.S. EIA 2009 RECS
microdata.

HVAC Has Ducts The sample counts and sample weights are constructed using U.S. EIA 2009 RECS

microdata.

HVAC Has Shared System

The sample counts and sample weights are constructed using U.S. EIA 2009 RECS
microdata.

HVAC Heating Efficiency The sample counts and sample weights are constructed using U.S. EIA 2009 RECS
microdata.; Shipment data based on CAC-ASHP-shipments-table.tsv and furnace-
shipments-table.tsv.; Efficiency data based on expanded_HESC_HVAC _efficien-
cies.tsv combined with age of equipment data from RECS.

HVAC Heating Type U.S. EIA 2009 RECS microdata.

HVAC Heating Type and Calculated directly from other distributions.

Fuel

HVAC Shared Efficiencies

The sample counts and sample weights are constructed using U.S. EIA 2009 RECS
microdata.

Has solar photovoltaics
PV)

ACS population and RiDER data on PV installation that combines LBNL’s 2020
Tracking the Sun and Wood Mackenzie’s 2020 Q4 PV report.

Heating Fuel

5-yr 2017 PUMS. IPUMS USA, University of Minnesota, www.ipums.org.

Heating Setpoint

U.S. EIA 2009 RECS microdata.

Heating Setpoint Has Offset

U.S. EIA 2009 RECS microdata.
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Table 2: Major Data Sources Used in ResStock (Continued)

ResStock Parameter

Data Source

Heating Setpoint Offset
Magnitude

U.S. EIA 2009 RECS microdata.

Heating Setpoint Offset
Period

U.S. EIA 2009 RECS microdata.

Holiday Lighting Not applicable (holiday lighting is not currently modeled separate from other exte-
rior lighting)

Hot Water Distribution Engineering judgment.

Hot Water Fixtures Engineering judgment.

ISO RTO Region Spatial definitions are from U.S. Census 2010.; ISO and RTO regions are from EIA
Form 861.

Infiltration Distributions are based on the cumulative distribution functions from the Residential

Diagnostics Database (ResDB), http://resdb.1bl.gov/.

Insulation Ceiling

NEEA Residential Building Stock Assessment, 2012; Nettleton, G.; Edwards, J.
(2012). Data Collection-Data Characterization Summary, NorthernSTAR Building
America Partnership, Building Technologies Program. Washington, D.C.; Derived
from Home Innovation Research Labs 1982-2007 Data

Insulation Floor

Derived from Home Innovation Research Labs 1982-2007 Data; (pre-1980) Engi-
neering judgment

Insulation Foundation Wall

Derived from Home Innovation Research Labs 1982-2007 Data; (pre-1980) Engi-
neering judgment

Insulation Roof

Derived from Home Innovation Research Labs 1982-2007 Data; NEEA Residential
Building Stock Assessment, 2012

Insulation Slab

Derived from Home Innovation Research Labs 1982-2007 Data; (pre-1980) Engi-
neering judgment

Insulation Wall

Derived from Home Innovation Research Labs 1982-2007 Data; Ritschard et al.
Single-Family Heating and Cooling Requirements; Nettleton, G., Edwards, J. (2012).
Data Collection-Data Characterization Summary, NorthernSTAR Building America
Partnership, Building Technologies Program. Washington, D.C.

Interior Shading

ANSI/RESNET/ICC 301 Standard.

Lighting

U.S. EIA 2015 RECS microdata.; 2019 Energy Savings Forecast of Solid-State
Lighting in General Illumination Applications. https://www.energy.gov/sites/prod/
files/2019/12/£69/2019_ssl-energy-savings-forecast.pdf.

Lighting Interior Use

Not applicable; this parameter for adding diversity to lighting usage patterns is not
currently used.

Lighting Other Use

Not applicable; this parameter for adding diversity to lighting usage patterns is not
currently used.

Location Region

Spatial definitions are from U.S. Census 2010.

Mechanical Ventilation

Engineering judgment.

Misc Extra Refrigerator

U.S. EIA 2009 RECS microdata.; Age of refrigerator converted to efficiency levels
using ENERGY STAR® shipment-weighted efficiencies by year data from Home
Energy Score.

Misc Freezer

U.S. EIA 2009 RECS microdata.

Misc Gas Fireplace Wilson et al. “Building America House Simulation Protocols” 2014, national aver-
age fraction used for saturation.

Misc Gas Grill Wilson et al. “Building America House Simulation Protocols” 2014, national aver-
age fraction used for saturation.

Misc Gas Lighting Wilson et al. “Building America House Simulation Protocols” 2014, national aver-

age fraction used for saturation.

Misc Hot Tub Spa

U.S. EIA 2009 RECS microdata.

Misc Pool

U.S. EIA 2009 RECS microdata.
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Table 2: Major Data Sources Used in ResStock (Continued)

ResStock Parameter

Data Source

Misc Pool Heater

U.S. EIA 2009 RECS microdata.

Misc Pool Pump Wilson et al. “Building America House Simulation Protocols” 2014, national aver-
age fraction used for saturation.
Misc Well Pump Wilson et al. “Building America House Simulation Protocols” 2014, national aver-

age fraction used for saturation.

Natural Ventilation

Wilson et al. “Building America House Simulation Protocols” 2014.

Neighbors OpenStreetMap data queried by Radiant Labs for Multi-Family and Single-Family
Attached.; Engineering judgment for others.

Occupants 5-yr 2017 PUMS. IPUMS USA, University of Minnesota, www.ipums.org.

Orientation OpenStreetMap data queried by Radiant Labs.

Overhangs Not applicable; all homes are assumed to not have window overhangs other than
eaves.

PUMA Unit counts are from the American Community Survey 5-yr 2016.; Spatial defini-

tions are from U.S. Census 2010.

PV Orientation

LBNL’s 2020 Tracking the Sun.

PV System Size LBNL’s 2020 Tracking the Sun.
Plug Load Diversity Engineering judgment, calibration.
Plug Loads U.S. EIA 2015 RECS microdata.

ReEDS Balancing Area

Regional Energy Deployment System (ReEDS) Model Documentation (Ho et
al. 2021)

Radiant Barrier

Not applicable; all homes are assumed to not have attic radiant barriers installed.

Range Spot Vent Hour Derived from national average cooking range schedule in Wilson et al. “Building
America House Simulation Protocols” 2014.

Refrigerator U.S. EIA 2009 Residential Energy Consumption Survey (RECS) microdata.; Age of
refrigerator converted to efficiency levels using ENERGY STAR shipment-weighted
efficiencies by year.

Roof Material U.S. EIA 2009 Residential Energy Consumption Survey (RECS) microdata.

Solar Hot Water Not applicable; all homes are assumed to not have solar water heating

State Spatial definitions are from U.S. Census 2010.

Usage Level Engineering judgment, calibration of variation.

Vacancy Status 5-yr 2016 PUMS. IPUMS USA, University of Minnesota, www.ipums.org.

Vintage 5-yr 2017 PUMS. IPUMS USA, University of Minnesota, www.ipums.org.

Vintage ACS 5-yr 2017 PUMS. IPUMS USA, University of Minnesota, www.ipums.org.

Water Heater Efficiency U.S. EIA 2009 RECS microdata.; (Heat pump water heaters) 2016-17 RBSA 1I for
CRO6 (WA and OR) and Butzbaugh et al. 2017. US HPWH Market Transformation.
for other regions.

Water Heater Fuel U.S. EIA 2009 RECS microdata.

Water Heater In Unit

U.S. EIA 2009 RECS microdata.

Window Areas

2016-17 Residential Building Stock Assessment (RBSA) II microdata.

Windows

U.S. EIA 2015 RECS microdata.; Source of storm windows: D&R International,
Ltd. ‘Residential Windows and Window Coverings: A Detailed View of the Installed
Base and User Behavior’ 2013. https://www.energy.gov/sites/prod/files/2013/11/
f5/residential_windows_coverings.pdf. Source of low-e distribution is based on
engineering judgement, informed by high-level sales trends observed in Ducker
Worldwide studies of the U.S. Market for Windows, Doors and Skylights.

The ResStock probability distributions for each of these parameters are located at https://github.com/NREL/resstock/
tree/eulp_final/project_national/housing_characteristics (EULP dataset version) and https://github.com/NREL/
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resstock/tree/develop/project_national/housing_characteristics (latest developmental version). See the comments
included at the bottom of each file for additional assumptions about how the probability distributions were derived.

For both ResStock and ComStock, the general methodology is as follows:

1. Stock characterization. Conditional probability distributions for building stock characteristics are queried
from data sources (e.g., distribution of “year structure built” as a function of location and “building type”).
Parameters common across data sources, such as geographic location, building type, and vintage, are used to
combine and map between the disparate data sources. Geographic resolution for queried distributions varies in
scale—for example, from counties (around 3,000) to climate zones (16)—so various geospatial data sources
are used to map between geographic resolutions. The conditional probability distributions take the form of a
hierarchical tree of dependencies.

2. Sampling. The parameter space defined by the conditional probability distributions is sampled. ResStock
currently uses deterministic quota sampling, with random combination of non-correlated parameters. Com-
Stock currently uses quasi-random sampling using Sobol” sequences. The number of samples is an input that
can be customized. For U.S. national-scale runs of ResStock, we typically use 550,000 samples to represent
133,172,057 dwelling units (approximately 1:242). For U.S. national scale runs of ComStock, we currently
use 350,000 samples to represent 1.8 million commercial buildings (approximately 1:5). The appropriate ratio
of samples to buildings or dwelling units was initially determined through convergence testing for national-
scale applications (Wilson et al. 2017); however, the appropriate ratio for different applications and scales is
the subject of ongoing research (see Section 5.1.3 for more on sample size convergence testing).

3. Physics simulation. The samples are used to construct physics simulation models using a simulation engine
of choice. NREL typically uses the EnergyPlus(®) simulation engine for this purpose (Crawley et al. 2001).
Model construction and articulation is facilitated by the OpenStudio®) software development kit (Roth, Gold-
wasser, and Parker 2016) and associated commercial and residential modeling workflows (e.g., OpenStudio-
Standards: NREL et al. 2021 and OpenStudio-HPXML: NREL 2021Db).

4. Model outputs and post-processing. Model outputs include both annual and hourly or subhourly timeseries
energy use outputs for each sample for major and minor end uses (electricity and on-site natural gas, propane,
and fuel oil use). Outputs for each sample also include HVAC system capacities and hours the heating and
cooling setpoints were not met. Optional outputs also include timeseries indoor zone temperatures (e.g., for
analyzing thermal comfort and resilience).
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Table 3. Major Data Sources Used in ComStock

Data Sources

ComStock Inputs

2015 U.S. Lighting Market Characteri-
zation

Interior/exterior lighting power density.

ASHRAE 62.1

Ventilation rates.

ASHRAE 90.1

Nominal efficiency levels for lighting, HVAC and envelope prop-
erties.

ASHRAE Service Life and Mainte-
nance Cost Database

Distribution shapes for equipment lifespans.

Building Codes Assistance Project

Timeline of energy code adoption by state.

DOE Prototype Buildings

Lighting power density, efficiency, occupancy.

CoStar Real Estate Data (2017)

Fine geospatial resolution for buildings that are part of an active
real estate market: Building type, vintage, floor area, number of
stories, location

Database for Energy Efficiency Re-
sources (DEER)

Building system lifespans. For Buildings in California, schedules
and power densities for interior lighting and interior equipment,
building program, HVAC system controls and efficiencies, venti-
lation rates, infiltration rate.

Commercial Building Stock Assess-
ment 4 (2019) Final Report

Lighting power density, lifespan of windows.

DOE Commercial Prototype Buildings

Loads, efficiency, occupancy, space type ratio and zone defini-
tion.

EIA Commercial Building 2012 Energy
Consumption Survey (CBECS) 2012

Coarse geospatial resolution: Building type, vintage, floor area,
number of stories, energy sources, conditioned floor space,
HVAC and water heating equipment, hours of operation, aspect
ratio, window-to-wall ratio, thermostat setback saturation, data
center saturation, heating (space and water) saturation, other
equipment saturation.

Guidehouse Commercial Fenestration
Market Study

Window characteristics and window-to-wall ratio (WWR).

Homeland Security Infrastructure Plan
(HSIP) Gold 2012 Database

Fine geospatial resolution for buildings that are not part of an
active real estate market (hospital, schools): Building type,
number of beds (hospitals), enrollment (schools), location

Proprietary End-Use Submeter Data

Schedules and power densities for interior lighting and interior
equipment, HVAC operation patterns, thermostat setpoints.

Strip Mall Restaurant Surveying

Percentage of restaurants in strip malls.

U.S. Census Bureau Public Use
Microdata Sample (PUMS), 5-yr 2017.

Heating fuel distributions are inferred from distributions of heat-
ing fuel for residential dwelling units.
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2.3 Methodology: Calibration and Validation

As defined in Section 2.1.1, calibration is the process of using empirical data to inform model changes, and valida-
tion is the process of evaluating how accurately a model represents the real world. Thus, calibration and validation
are closely related and are used together to iteratively improve a model’s accuracy or reduce its uncertainty. This sec-
tion provides background on large-scale building stock model calibration and validation and introduces the various
approaches used for calibration of individual building energy models. We then describe several approaches to EULP
modeling calibration that exist in industry and the literature. We then introduce our project’s calibration philosophy.
Next, we describe how we obtained, processed, and analyzed the empirical data we used for validation and calibra-
tion, before describing each of the empirical data sources used for residential and commercial calibration. Finally, we
describe how calibration was divided into regional stages and the multifaceted approach we used to evaluate valida-
tion progress. This section also includes an evaluation of the region-to-region transferability of residential end uses,
followed by the introduction of metrics used to evaluate the variability of commercial building operation schedules.
We also present a residential end-use transferability study completed to evaluate how non-weather driven end-use
behavior varies from region to region.

2.3.1 Background

The use of large numbers of bottom-up physics-simulation models to represent the buildings in a region or city
(sometimes called urban building energy modeling, or UBEM) is a relatively new field (Reinhart and Davila 2016).
The application of physics-based building stock models to generate hourly EULPs has been studied even less. Davila
(2017) reviewed UBEM approaches in the literature and found that the lack of UBEM validation and calibration
studies was a major gap. Taylor et al. (2019) similarly found that there has been little to no work studying calibration
of building stock models, particularly at multiple scales. Restrictions on access to measured building energy use data
and unknown thermal properties of buildings were identified as two major barriers to UBEM calibration (Reinhart
and Davila 2016). Our team’s work on ResStock is an early example of building stock model calibration, although
prior to this project, it was limited to calibration of annual end-use energy (Wilson et al. 2016) and one application at
a city/utility scale with hourly resolution (Cochran et al. 2021).

Members of our project team and our project sponsor, DOE’s Building Technologies Office, represented the United
States by participating in the International Energy Agency (IEA) Energy in Buildings and Communities (EBC)
Annex 70 — Building Energy Epidemiology: Analysis of real building energy use at scale. As part of this work, we
convened with an international community of building stock modelers and shared knowledge on the state of the art
of building stock model calibration, validation, and uncertainty quantification. This work is discussed in Langevin et
al. (2020) and Fennell et al. (2021).

2.3.2 Approaches to Building Energy Model Calibration

In this section, we discuss various approaches to building energy modeling calibration. We divide calibration ap-
proaches into two categories: output calibration and input calibration. Models may use just one approach or a combi-
nation of both approaches.

Input Calibration

Input calibration—where uncertain inputs to a building simulation program are tuned to improve the match between
model output and measured data—is the type of calibration most typically used in the building energy modeling
community. Reddy (2006) describes it as “an art form that inevitably relies on user knowledge, past experience,
statistical expertise, engineering judgment, and an abundance of trial and error.” Because it is labor intensive when
performed manually, this type of calibration is typically only used for individual building energy models (not stock
models or UBEM), and is typically only used for informing energy efficiency retrofits of large existing buildings.

ASHRAE Guideline 14-2014 provides criteria for the goodness of fit for model calibration (ASHRAE 2014). For
example, the whole-building calibrated simulation performance path requires that the building energy model have

an NMBE of 5% and a CV(RMSE) of 15% for calibration to monthly data, and an NMBE of 10% and a CV(RMSE)
of 30% for calibration to hourly data. However, because input calibration is almost always an underdetermined
problem—there are multiple calibration parameters available that affect modeled end uses in similar ways (e.g.,
thermostat setpoint and air leakage rate)—tuning model inputs without a basis in observed data is prone to result

in getting the right answer for the wrong reason (sometimes called “input error” or “input-side error”’; Garrett and
New 2016). This is problematic for physics-based models that are intended for making predictions about the impact
of physical changes to building characteristics, especially when the studied changes are the same as the calibration
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parameters (e.g., thermostat setpoint or air leakage rate from the example above). Judkoff et al. (2016) described this
issue and presented a method to test model calibration techniques.

Automated Input Calibration

Methods for automating model input calibration using optimization techniques have emerged in the past decade.
One example is Autotune, which achieved calibration results similar to an expert modeler in a fraction of the time
(New et al. 2012, Chaudhary et al. 2016). Robertson et al. (2013) adapted the Building Energy Simulation Test for
Existing Homes (BESTEST-Ex) framework developed by Judkoff et al. (2010) and applied it to automated model
calibration techniques. They concluded that the automated calibration optimization problem is “still significantly
underdetermined,” even when calibrating to hourly data, and is thus still likely to get the right answer for the wrong
reason.

Output Calibration

In contrast to input calibration, output calibration involves modification of simulation outputs to achieve a better
match with empirical validation data. The modification could be as simple as applying scaling factors (colloquially
known as “fudge factors” or “correction coefficients”) to true up model outputs, or could use more sophisticated
statistical or machine learning models (Valovcin et al. 2014). The modifications could be at annual, monthly, or
hourly resolution, depending on the validation data available. Output modifications could be for whole-building
electricity or gas usage, or for specific end uses, again depending on the validation data available.

Output calibration is appealing in that it is agnostic to the cause of error and therefore avoids the issue of getting
the right answer for the wrong reason. It can also be applied to what-if scenario predictions, which would assume
that the cause and magnitude of error is the same for any scenario predictions. Similar to pure statistical models,
it is prudent to cross-validate the output calibration model using a training dataset to derive the scaling factors or
correction model and a test dataset to evaluate the model’s performance and avoid overfitting.

Though we mostly rely on input calibration for this EULP project, we use output calibration in a targeted manner
only for the residential sector EULP dataset (empirical data necessary for the commercial sector were not avail-
able). Throughout the rest of this report, we refer to this step as “output correction” to distinguish it from the input
calibration procedure. See Section 3.2.10 for a full description of the ResStock output correction model.

2.3.3 Load Profile Calibration Examples

In this section, we highlight the few examples of EULP model calibration that have been used by researchers and
the utility industry. Representatives from the teams that worked on the 2006 California Commercial End-Use Survey
(CEUS) and 2019 California Investor-Owned Utility Electricity Load Shapes study served on our TAG and provided
valuable feedback throughout the project.

Input Calibration Examples

2006 California Commercial End-Use Survey

The 2006 CEUS was a study conducted by Itron, Inc. and funded by the California Energy Commission to create
EULPs for the commercial building stock in California (Itron 2006). The study involved the creation of detailed
energy models for 485 commercial buildings; individual, mostly manual, input calibration of those models to utility
data; and then weighting of those building models to represent the entire stock. Most buildings had only monthly
utility data available, but 17% had hourly AMI data and 17% also had short-term metering of some end uses.

2019 California Investor-Owned Ultility Electricity Load Shapes

In 2018-2020, the California Energy Commission contracted with ADM Associates to conduct an update to the load
shapes used by California Energy Commission’s Hourly Electric Load Model, which is used for forecasting the load
of California’s investor-owned utilities (Baroiant et al. 2019). The approach used for creating commercial building
load shapes was similar to the approach we used but on a different scale. First, internal load shapes and magnitudes
were created by modifying data from the Commercial End-Use Survey (Itron 2006) (input calibration). Next, these
internal loads were substituted into DOE’s Commercial Prototype Building models. These models were run, and
regressions for the weather-dependent loads were created from the output data. A regression model of the residual
was created for each building type to account for the difference between average AMI load shapes and the modeled
load shapes (output calibration).
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The approach used for residential load shapes did not use building energy modeling. For non-weather-dependent
loads, a variety of sources of end-use load shapes were used to build up a composite total load profile. For weather-
dependent loads, a change-point type model was first used to break the average AMI load profiles into weather-
dependent and weather-independent portions. Next a regression model of the weather-dependent load was created
as a function of temperature and weekday/weekend. Finally, they used output calibration in the form of a correction
model to fill in final missing loads and true-up error relative to the AMI data.

Output Calibration Examples

Pacific Northwest National Laboratory’s BEND Model

One example of output calibration that is highly relevant to our work is the scaling factor-based calibration approach
used for the Pacific Northwest National Laboratory’s building energy demand model (BEND model). BEND is an
EnergyPlus-based physics-simulation building stock model used to generate aggregate hourly load profiles (Taylor et
al. 2019). Using 2007 U.S. Energy Information Administration (EIA) data, the authors calculated 288 scaling factors
for each combination of 12 months and 24 hours, for the residential and commercial sectors in each electricity
balancing authority. The scaling factors were calculated using two data sources:

1. Monthly total electricity sales by utility company and sector (residential, commercial, industrial, and other)
from the EIA’s Form EIA-861M 2007 detailed data (EIA 2007).

2. Hourly total electricity by balancing authority from Federal Energy Regulatory Commission (FERC) Form
714 data (FERC 2007).

The authors note that the two datasets are not entirely consistent (i.e., if you aggregate the hourly data to monthly
and the monthly data across sectors). When applied to the raw output from the BEND EnergyPlus models, the output
calibration results in commercial sector scaling factors generally in the 0-25 range for most balancing authorities
(one balancing authority has scaling factors that approach 100 (i.e., 9,900% error) in July and August) and residential
sector scaling factors generally in the 0.1-3 range. The scaling factor approach performs relatively well when trained
with 2007 data and evaluated on 2010 data, with seasonal peak demand estimates by balancing authority ranging
from a 17% underestimate to a 37% overestimate. The authors acknowledge that the scaling factor approach is lim-
ited in that it does not account for how year-to-year variations in weather affect peak loads, with error in peak load
being highly correlated with year-to-year temperature differences (Taylor et al. 2019). Nevertheless, the simplic-

ity of the approach is appealing, and the study provides several insights that we apply in our own development of a
residential output correction model.

EnergyPATHWAYS

Evolved Energy Research’s application of the EnergyPATHWAY'S model for NREL’s Electrification Futures Study is
another example of using correction factors to reconcile the difference between a bottom-up modeled electricity load
shape and top-down historical data, again using FERC Form 714 data (Mai et al. 2018). The correction factors used
to reconcile these differences were not published, but the authors note that the need for reconciliation is due to a lack
of adequate temporal and spatial granularity in the constituent end-use profiles, which were a mix of measured and
simulated profiles.

ResStock and ComStock for LA100

One example of output calibration that used a more elaborate approach was NREL’s application of ResStock and
ComStock for the Los Angeles 100% Renewable Energy Study (LA100). In this case, after a substantial effort

on manual input calibration at the stock scale, a variety of optimization and machine learning techniques were
developed and applied to true up predicted EULPs against measured sector total hourly load research data obtained
from the Los Angeles Department of Water and Power. The correction models were trained with 2016 simulation
output and 2016 load research data and found to perform well when applied to 2017 simulations and evaluated
against 2017 load research data (Hale et al. 2021). The resulting 8,760 (hourly) correction timeseries was added as
an artificial “calibration” end use to the stack of other modeled end uses. The correction models were primarily used
to fill in missing nighttime loads from unknown end uses in ComStock outputs and to correct time-shifted ResStock
cooling energy outputs.

Our team found that the complexity of the correction models made them challenging to work with. The development
of these hourly machine-learning-based correction models provided valuable lessons learned for our team, but for
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the national-scale project that is the subject of this report, they are of limited use because they require hourly load
research data, which we do not have nationwide. However, utility industry users of our EULPs may be interested
in applying this type of output calibration to our EULP dataset using hourly utility load data to which they do have
access.

2.3.4 Our Calibration Philosophy

The calibration philosophy developed by our team to guide this project is rooted in a variety of sources. NREL’s
historical contributions to the field of building energy simulation engine validation and testing date back to the early
1980s (Judkoff, Wortman, and Burch 1982) and were further developed over subsequent years with BESTEST
(Judkoff and Neymark 1995), ASHRAE Standard 140 (Judkoff and Neymark 2006), and BESTEST-Ex (Judkoff

et al. 2010). More recently, NREL pioneered work on evaluating the accuracy of building energy simulations at
scale, using empirical field data from large numbers of buildings (Polly, Kruis, and Roberts 2011) and statistical
analysis of the biases and variance in building energy simulation outputs (Valovcin et al. 2014). This history provides
a foundation for our project’s philosophy on calibration and model validation.

We complement this historical domain expertise with the cross-domain state-of-the-art framing of verification,
validation, and uncertainty quantification (VVUQ) for complex computational modeling (National Research Council
2012), as described in Section 2.1.1. Additionally, our philosophy is informed by Bayesian methods. Bayesian
calibration has mainly been applied to individual building model calibration (Muehleisen and Bergerson 2016).
Although we do not use Bayesian inference for calibration, our team includes such expertise and it informs our
approach to calibration and uncertainty quantification.

Finally, our calibration philosophy is grounded in the immediate needs of the 60 real-world use cases for EULPs
defined by our TAG in 2019 (Mims Frick et al. 2019). The wide variety of use cases reinforced the fact that we were
not just producing a one-time load shape dataset, but calibrating very broad-purpose models that would be asked

in the future to evaluate a wide range of what-if scenarios about changes to the building stock involving energy
efficiency, electrification, demand flexibility, and shifting weather patterns.

Our TAG includes individual subject matter experts and organizations involved in many of the major end-use meter-
ing studies (Larson et al. 2014, Navigant 2018, NEEA 2021b, NEEA 2021a), end-use surveys (KEMA-XENERGY

2004, Itron 2006, KEMA 2010, DNV GL 2021, EIA 2021f), and load profile modeling studies (Itron 2006, Baroiant
et al. 2019). These individuals and organizations contributed their expertise throughout the three years of the project.

Together, these three sources formed the environment in which our calibration philosophy was developed. The
philosophy can be summarized by these principles:

1. Prioritize model input calibration; output calibration is a last resort.
Manually update inputs based on data, as opposed to automatically tuning uncertain inputs to improve fit.
Propagate input uncertainties to quantify output uncertainty ranges.

Calibrate/validate in multiple dimensions at once to avoid overfitting.

A

Report out validation results and uncertainty so dataset and model users can decide if model accuracy and
precision are sufficient for their use case.

The objective behind these principles is that we are striving to get the “why” right so we can develop accurate EU-
LPs and ask questions about changes to the building stock (e.g., savings load shapes).

2.3.5 Obtaining and Processing Empirical Data

Identifying data available for use was a key effort in the project’s first year, as documented in Mims Frick et al. (2019).
We knew about or quickly found many types of useful data that were readily available, such as EIA and census data,
and several of the residential end-use datasets. Working with our TAG and their networks, we were able to find and
gain access to additional data sources for moderate levels of effort.

Two types of data ultimately warranted more extensive search efforts: utility AMI data and commercial end-use
data. Utility AMI interval data were a known data need from the start of the project. Through our survey of available
data sources in year one of the project, we identified commercial end-use data as the primary data gap that would
need to be filled from to-be-determined sources (Mims Frick et al. 2019). The effort to gather these two types of
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data is described in the following sections. Then we describe the work done to process the data to make it usable for
calibration and validation.

AMI Data Gathering Process

Our data gathering process is documented more thoroughly in a paper published in the proceedings of the 2020
ACEEE Summer Study on Energy Efficiency in Buildings (Present et al. 2020). This effort included considerable
outreach work, including outreach through our TAG, DOE, and through industry organizations such as National
Rural Electric Cooperative Association (NRECA) and Bonneville Power Administration (BPA). Project partner
Electric Power Research Institute (EPRI) also assisted the project team with utility data outreach. 2016 AMI data
from the ComEd dataset was purchased through ComEd’s publicly available Anonymous Data Service product
(ComEd 2018). We ultimately gained access to eight large datasets of residential AMI data, including more than 2.3
million meters of timeseries electricity data, and ten large datasets of commercial AMI data, including around 60,000
buildings (served by more than 200,000 meters) of timeseries electricity data. These datasets varied considerably in
size, data quality, and other factors, making some more useful to the project than others.

AMI Metadata

Utility meter data are made more useful if they can be associated with information about the building or housing

unit the meter is attached to, such as location, building type or use, floor area, etc. We refer to this information as
metadata. For residential datasets, we worked with data at the dwelling unit level using whatever metadata the utility
had available. We were most interested in having information on building type (e.g., single-family vs. multifamily)
and location (ZIP or county, so that we could use the correct weather data). Most utilities were able to provide one or
both of these, or in some cases the utility territory was small enough to be covered by just one weather station. We
also requested any information available on heating fuel and vintage, which were much less commonly available.

For commercial datasets, the project necessitated a higher standard for metadata. This was in large part because

the data came in at the meter level, whereas our project was working at the building level, which could include any
number of meters. Most utilities had meters grouped by account, not by building, if they were grouped at all. An
account could include meters at many buildings, and a building could include meters at many accounts. Additionally,
because of the very large range of square footage in commercial buildings, for commercial calibration and validation
we worked primarily with energy use intensity (EUI), that is, energy use per square foot of floor area, rather than
building total consumption. And, there is a much larger variety of use types for commercial building than residential.
These factors together meant that to use a commercial dataset we needed to be able to group meters into buildings,
and to have reliable information on, at least, building type and square footage for those buildings.

AMI Data Outreach

Figure 4 illustrates how the AMI data and metadata outreach conversations progressed. The time it took us to work
through the specific data availability, data processing abilities, and privacy requirements for each utility greatly
extended the time frame of getting some of the datasets. All told, for the ten commercial building AMI datasets that
we were able to procure for this project, the mean time from initial outreach to the utility to having a set of data and
appropriate metadata in hand was 405 days. The minimum was 62, the median was 391, and the maximum was 648.
Many of the datasets required revision after the initial transfer for a variety of reasons, and that time is not counted
in the numbers above. The level of usability we ended up with varied considerably. Some of these ten datasets were
ultimately not of sufficient size or quality to be used for calibration; others, in particular those that had been used for
previous analysis by other parties, were much more robust.
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[ Other Metadata:1

Provider-Site Metadata:5
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NREL-Site Metadata:5
NDA Started:17
[ NDA in Progress:1

I Provided Other Data:4

Conversation:35

Outreach:44

No Further Progress:19

IDeferred:4
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Figure 4. Sankey diagram of commercial AMI data outreach

Data Processing

For each AMI dataset, we cleaned, filtered, and aggregated the data to a level that is suitable for comparison with
the simulated results from the building stock models. The data processing procedure includes error detection, outlier
removal, conversion to local standard time, data statistics extraction, and aggregation to hourly frequency and other
desired data dimensions.

Residential AMI Data Processing

For the residential calibration, for each dataset we calculated the timeseries of average hourly electricity consump-
tion per housing unit and standard error at each timestamp. These timeseries may be broken out by building types
and primary heating fuel types depending on the availability of these data dimensions. Because the AMI data are
measured, they are subject to errors related to both AMI hardware and software, including measurement inaccuracy,
and meter and data transmission outages. Additionally, AMI meters may be deployed incrementally and changed out
periodically, resulting in a changing number of data points over time. For these reasons, the number of valid AMI
readings at a given timestamp vary, and a standard error is calculated for each timestamp. Standard error is used to
understand how the number of samples affects uncertainty of the mean hourly electricity consumption per housing
unit.

Residential AMI Data Filtering

To screen out errors and outliers on the ground truth data to the extent possible, we implemented data quality checks
and data filtering algorithms. To start, we removed suspected measurement errors, including negative and zero
readings. When available, we used the typical current rating of residential AMI meters to establish upper bounds for
the data, and we subsequently removed the data outside of those bounds. For example, most AMI meters are rated
for 200A residential service, which gives an upper bound of 48 kW at a 240V circuit. We experimented with filtering
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using the common 1.5 X interquartile range (IQR) outlier removal method, but found the 48-kW bound based on the
metering infrastructure to be more robust.

Commercial AMI Data Processing

For the commercial data we computed the timeseries of average EUI per square foot of building floor area, broken
out by building use type. Compared to the residential sector, commercial buildings have a greater variation in the
makeup of building characteristics, occupant behavior, and the mode of building operation, all of which affect energy
use profiles. Comparing the EUI by building type was our attempt to normalize the comparisons for two of the

key sources of difference: building type and building area. However, to achieve this, the commercial AMI data
processing included additional steps to fulfill the need for more robust metadata than most utilities had available.

The team licensed a database of commercial real estate data from the CoStar Group (referred to as CoStar data
henceforth) and joined it to meter data from utilities by developing an address matching script. This address match-
ing script by default assigned all meters with the same service address to the building at that address, along with

the properties of that building from the CoStar data (building type, square footage, vintage, and number of stories).
This approach left us with better metadata than the utilities were generally able to provide, but was not without its
limitations. For example, the CoStar data do not include government-built, owned, and operated buildings as well as
certain other omissions. Additionally, utility addresses and CoStar addresses were not always similar enough for our
script to handle, even when using approximate string matching techniques.

The team made adjustments to this approach depending on the unique aggregation and anonymization rules of each
utility. For several utilities, we added an additional step of assigning each building to a metadata “bin,” which in-
cluded a small range of building sizes and vintages within one building type. We developed an auto-binning script to
do this task subject to a minimum number of buildings per bin set by the utility. We were then sent individual build-
ing timeseries energy consumption along with which bin the building was in, but did not have the building’s unique
metadata. Other utilities went a step further and provided only the number of buildings, total energy consumption at
each timestamp, and total square footage in each bin. These all worked for our purposes if the starting dataset was
very clean, but made filtering questionable data much more challenging. In some cases we had to discard entire bins
of data, or spend extensive time working with the utility to ensure the best data quality possible.

Commercial AMI Data Filtering

To filter the commercial AMI data, we first generated a summary statistic for each building or building bin in the
dataset. We then removed buildings or bins based on the following criteria: (1) the annual EUI must be greater than
the threshold value for their building type (see Table 4), (2) the data must have at least 2,000 non-zero timestamps,
(3) the building or bin must be at least 500 ft> in floor area per building, and (4) the annual EUI must be within the
3x median EUI bounds for their building type, which are constructed based on the buildings meeting the first three
criteria. These data filtering criteria were developed based on expert judgment, including input from the TAG, and

a balance between removing extremely problematic data points and retaining a large enough sample size for the
ground truth data to remain useful. They were validated using the Xcel Energy dataset. Because addresses were
available for this dataset, specific outliers could be spot-checked. A forthcoming publication will detail this method-
ology (DeWitt et al. 2022). The annual building EUT used in the filtering process is adjusted by assuming an average
value for all timestamps that have an invalid reading. This is calculated by taking the hourly average EUI (based on
non-zero readings) to the number of hours in the data year.

For each of the figures in Section 4 where AMI is compared to ComStock, two dashed lines are shown to represent
the 80% confidence interval of the AMI mean at each timestep.

Impact of the COVID-19 Pandemic on Commercial AMI Data

Early in the project, the plan was to send a team member to each of the data-providing utilities to work directly with
utility staff to perform the address matching between electric meter service addresses and the CoStar data. This
plan was designed to enable our team to identify and address any unique challenges with each utility’s data system
and to spot check results to ensure that the matching was as complete as possible within the utility’s anonymization
and aggregation requirements. Unfortunately, just as this process was getting underway, the COVID-19 pandemic
began. Utility staff were under tremendous pressure just to keep operations running smoothly, let alone work with
researchers, and NREL travel was not allowed.
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Table 4. Minimum Annual EUI Threshold by Building Type, Set to Match the 5th Percentile of 2012 CBECS
Electricity Consumption

Building Type Minimum Annual EUI Threshold (kWh/ft?)
Warehouse 1.0
Retail 1.6
Strip mall 1.6
Other 2.0
School (primary, secondary) 24
Office (small, medium, large) 2.5
Outpatient 2.7
Hotel (small, large) 2.8
Restaurant (full service, quick service) 6.5
Hospital 11.4

The preferred approach to working within these constraints was for the utilities to send only the addresses to NREL
so that NREL could perform the address matching to assign metadata to group meters by building and assign meta-
data to those buildings. In many cases, NREL was required to delete addresses before receiving the AMI data to
ensure anonymization, retaining only anonymized IDs matched with building type, approximate size, and approx-
imate vintage. In these cases, the team did not have the ability to troubleshoot and verify questionable EUIs. In
cases where NREL was able to have both the addresses and energy consumption for a length of time, greater error
checking was possible.

Unfortunately, multiple utilities were unable to send even the service addresses alone due to privacy concerns or
other policies. The second best approach then to working within these constraints was for NREL to send the ad-
dress matching code to the utilities, and then to remotely walk utility staff through the process of running the code.
Although the team worked through several unique challenges, there were limitations to the amount and type of
verification that could be done due to utility staff availability or cybersecurity constraints.

The overall impact of COVID-19 on commercial AMI was significant. It caused delays in receiving data, which
necessitated pauses in the calibration work. Mistakes or miscommunication that likely would not have happened
while working in-person caused further delays because identifying, diagnosing, and fixing the problems all took
time. Sometimes, issues were not identified until after the data had been used to inform input calibration, which then
had to be corrected.

The biggest impact of all was that meter-to-building mappings could not be evaluated as thoroughly as planned,
leading to uncertainty in the quality of the AMI data. If address matching for a building was extremely bad (missing
9 of 10 meters, for example), the outlier detection process would likely identify and remove that building. However,
if address matching for a building was slightly bad (missing 2 of 10 meters, for example), the EUI for that building
would appear slightly lower than reality, but not low enough to be caught by outlier detection techniques. This
uncertainty necessitated comparison of the AMI data against other established data sources, and ultimately required a
re-examination of how the AMI would be compared to the ComStock results.

Commercial End-Use Data Gathering Process

The commercial calibration effort required substantial end-use timeseries data to inform behavior-driven inputs to the
models such as schedules, setpoints, and occupancy, which posed its own set of challenges. The limited availability
of commercial end-use timeseries data was identified as an area of focus early in the project which sparked an exten-
sive outreach effort by our team to identify and obtain data of this type. With a three-year project and the calibration
effort spanning years two and three, there was not sufficient time to embark on new end-use metering studies, which
are multiyear efforts on their own. Instead, we identified a range of unconventional sources of commercial end-use
data that already existed, most of which was not collected for the purpose of studying end-use load shapes (e.g.,
building automation system data). Before embarking on this effort, we determined minimum sample sizes that would
be required for commercial end uses and building types to achieve a desired level of precision: 20% precision with
80% confidence for heating and cooling end uses, and 30% precision with 80% confidence for other end uses. These
minimum sample sizes were vetted by a group of end-use metering subject matter experts from our TAG and can be
found in Table 5 for weather-driven end uses and Table 6 for schedule-driven end uses.
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Commercial End-Use Data Outreach

With input from our TAG, NEEP, the Massachusetts Energy Efficiency Advisory Council, our national laboratory
colleagues, and outreach at conferences such as DOE’s Better Buildings Summit and the International Energy Pro-
gram Evaluation Conference, we contacted 63 varied organizations on the topic of commercial end-use timeseries
data, of which we received responses from 50. Many organizations did not have the type of data we were looking
for. Many organizations did have such data, but similar to the commercial AMI data, there were often challenges
related to obtaining adequate metadata. Figure 5 illustrates how the commercial end-use data outreach conversations
progressed. Data quality was often an issue, along with the non-trivial time requirements for companies to gather,
organize, and transfer the data in a useful format. Ultimately, we received data from 10 of these organizations,
primarily BAS and submetered end use data, often at a cost to compensate organizations for their time gathering,
organizing, and transferring the data (Present et al. 2020). We achieved the previously determined minimum sample
sizes in almost all of the categories, and greatly surpassed the minimums in many categories, as shown in Table 5 for
weather-driven end uses and Table 6 for schedule-driven end uses. There were still issues that needed to be consid-
ered in these datasets, such as bias and data gaps, but overall the purchased datasets were critical for the commercial
calibration effort. We summarize the procured datasets in Table 5. Many of the datasets were provided on the condi-
tion of being anonymous, so we do not list the sources by name.

m Data Description, No Cost Estimate:1 = New Purchase Selections:1

Original Purchase Selections:11 dccepted: 10
Data In-Hand:10

Cost Estimate: 21

Conversation:50

No Further Progress:40
Outreach:63

No Response:13

Figure 5. Sankey diagram of commercial end-use data outreach
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Table 5. Procured Commercial End Use Datasets

Company

Summary

Anonymous 1

Submetered timeseries energy data by end use and BAS data for thousands of commercial
buildings including restaurants, retail, offices, hotels, and schools.

Anonymous 2

Submetered timeseries BAS data for thousands of commercial buildings including restau-
rants, retail, offices, hotels, healthcare, warehouses and schools.

Anonymous 3

BAS data for multifamily building common areas.

Anonymous 4

Submetered timeseries energy data by end use for several buildings including warehouses,
offices, a grocery store, a hospital, a hotel, restaurants, and retail.

Anonymous 5

Submetered BAS timeseries data and energy data for several grocery stores and hospitals.

Anonymous 6

Submetered BAS timeseries data for several multifamily buildings.

Anonymous 7

Submetered timeseries energy data and BAS data for several schools and some offices.

Anonymous 8

Submetered timeseries energy data by end use and BAS data for an office building.

Anonymous 9

Plug load survey and timeseries energy data for several schools and some administrative
buildings.

Anonymous
10

Submetered plug load energy use data for a hospital.

Table 6. Commercial End-Use Data Outreach Results for Weather-Driven End Uses

End Use Proposed Minimum Sample Size' Pursued Sample Size? Procured Sample Size®
Heating 48 6,218 4,119

Cooling 48 6,598 3,957

Fans 21 2,497 645

Pumps 21 500 95

Heat Rejection 21 21 51
Humidification 21 27 53

Heat Recovery 21 22 49
Refrigeration 21 1,076 1,080

Exterior Lighting 21 846 627

" Proposed minimum sample size targets for successful project completion, presented at a subject matter
expert webinar in August 2019.

2 Counts include in-hand data, data we expected to be able to get for free from other research institutions,
and data to which we intended to purchase access—the potential purchase sample sizes were based on
vendor rough estimates obtained during market outreach.

3 Procured sample size includes data in hand and data that was contracted for procurement.
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Table 7. Commercial End-Use Data Outreach Results for Schedule-Driven End Uses

Proposed Minimum Pursued Sample Procured Sample
Sample Size! Size? Size3
Interior | Plug Service | Cook- Interior | Plug Service | Cook- Interior | Plug Service | Cook-
Light- and Water ing Light- and Water ing Light- and Water ing
ing Pro- Heat- ing Pro- Heat- ing Pro- Heat-
cess ing cess ing cess ing
| Hospital |, | 5 |4 wa || 103 |2¢ |o 0 76 | 4% |0 0
Outpatient
Primary 21 |21 |o na | 281 |285 |0 2 178 | 332 |6 9
School
Secondary
School
Full-Service | ,, 21 0 na || 760 | 196 | 316 | 2618 || 159 |56 |58 | 687
Restaurant
Fast-
Service
Restaurant
L 21 21 0 n/a 1046 | 214 106 0 908 30 99 18
Strip Mall
| Small Hotel | 21 21 0 n/a 53 54 0 1 42 24 1 0
Large Hotel
Warehouse 21 21 0 n/a 270 25 0 0 132 36 15 1
Sm. Office
Med. Office | 21 21 0 n/a 337 270 1 0 133 91 10 8
Large Office

' Proposed minimum sample size targets for successful project completion, presented at a subject matter expert
webinar in August 2019. No goals were set for the cooking end use or the multifamily building type.

2 Counts include in-hand data, data we expected to be able to get for free from other research institutions, and data to
which we intended to purchase access—the potential purchase sample sizes were based on vendor rough estimates
obtained during market outreach.

3 Procured sample size includes data in hand and data that was contracted for procurement.

4 Procured data sample size is less than the proposed minimum sample size.
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2.3.6 Empirical Data Used for Residential Calibration and Validation

As with any validation effort, the empirical data used to evaluate model outputs is the most important component.
Here we describe the various datasets we used for calibration and validation for the residential building stock model.
Section 2.3.5 describes the data collection and processing effort.

Table 8 introduces the major rypes of data we used for calibration and the temporal, geographic, and end-use res-
olution of each, as well as whether they can provide insights on specific building types (i.e., metadata) and on the
diversity of load. Figure 6 summarizes the 10 main data sources used for residential calibration. Table 9 lists the full
set of datasets used for residential calibration and validation and the relevant characteristics of each.

Table 8. Calibration data types and typical resolution and characteristics of each (residential and
commercial). Each type of calibration data covers different dimensions; no one data source provides
information at all dimensions and scales.

Type of Data Temporal Geographic Sectoral/End-Use Meta- Load
Resolu- Resolution Resolution data Diver-
tion sity

EIA 861 electricity sales Annual All utilities Whole sector No No

EIA 861M electricity sales Monthly All states Whole sector No No

Load research Hourly Several regions Whole sector No No

AMIl interval Hourly Several regions Whole building/meter Yes Yes

End-use metering Hourly Several regions End uses/circuits Yes Yes

Annual electric sales of all utilities in U.S.

E";g‘;rm IA 861m
Region 5 lectricity,
AMI data natural gas

ata Annual end-use loads of occupied

AMI data from Vermont;
Cherryland, MI

Annual and monthly electricity and
natural gas consumption by state, sector

AMI data from Electric Power
dwelling units

Board of Chattanooga, TN;
Horry Electric (SC); and City of
Tallahassee, FL

Wl a Recs

modeled

Region {
AMI dat S.
end-ulses
Callbratlon i

¢ Building type

¢ Climate zone

¢ Fuel (electricity, natural gas,
propane, fuel oil)

AMI data (aggregated by Region 3 Submeter
building type) from AMI data @ end-uses Sub-metered end-use load data
Seattle City Light, WA (5 datasets)
) _ -Ytility load
AM I data from Fort Collins AMI data . research
municipal service territory (CO) El‘\e/lgllzntl tlata (LRD) | 554 duration curves and seasonal load
ata

shapes of ~16 utilities around U.S.

Advanced metering infrastructure (AMI) data from ComEd service territory (IL)

Figure 6. Residential calibration used 10 main dimensions or data sources; like a 10-sided Rubik’s cube,
changes made to improve the fit in one dimension needed to be evaluated across the other nine dimensions
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Table 9. Description of Residential Calibration Datasets

Type Name Location Description Metadata Main Comparison
Type
Survey Form EIA-861  Nationally Annual electric sales of all N/A Scatterplot
available by utilities in the United States
utility
Survey Form EIA- Nationally Monthly electricity sales N/A Line plots for each
861M available by consumption by state and state
state sector
Survey Form EIA-176  Nationally Monthly natural gas con- N/A Line plots for each
available by sumption by state and state
state sector
Survey EIA RECS National Annual electricity and fuel Surveyed End use scatterplots
2009, 2015 coverage use for surveyed homes; housing char-
modeled end-use breakouts  acteristics
End NEEA 2011 WA, OR, ID, Circuit-level submetering Surveyed End-use transferabil-
use RBSA Meter-  MT study housing char- ity, Region 3 end-use
ing acteristics stacked area plots
End NEEA 2019 WA, OR, ID, Circuit-level submetering Surveyed End-use transferabil-
use HEMS Meter- MT study housing char- ity, Region 3 end-use
ing acteristics stacked area plots
End Mass RES 1 Massachusetts Aggregate load shapes by N/A End-use transferabil-
use Load Shape end use only ity
Study
End Pecan St. Austin, Circuit-level submetering Some hous- End-use transferabil-
use Dataport TX (most study ing character- ity
samples) istics
End FSEC PDR Florida Circuit-level submetering Some hous- End-use transferabil-
use Metering study ing character- ity
istics
LRD  Load re- 16 utilities Publicly available load Customer Day plots by season
search data (see map) research data from various class (varies)
(LRD) utilities
AMI ComEd Northern Illi- Residential AMI interval Customer Day plots by season;
nois including  data for most of ComEd class QOls
Chicago territory; supplemented with
ComEd LRD (Region 1)
AMI Fort Collins Fort Collins, Residential AMI interval Single-family Day plots by season;
Utilities CO data for Fort Collins Utilities ~ vs. multifamily  QOls
(Region 2)
AMI Seattle City Seattle, WA Aggregate residential Single-family Day plots by season;
Light AMI data by building type vs. multifamily  QOls
(Region 3)
AMI EPB Chattanooga,  Residential AMI interval Single-family Day plots by season;
TN data (Region 4) vs. multifamily  QOls
AMI City of Tal- Tallahassee, Residential AMI interval Single-family Day plots by season;
lahassee FL data (Region 4) vs. multifamily  QOls
Utilities
AMI Horry Electric  Horry County,  Residential AMI interval Single-family Day plots by season;
Cooperative SC, including  data (Region 4) vs. multifamily  QOls
Myrtle Beach
AMI VEIC/Green Vermont Residential AMI interval Single-family Day plots by season;
Mountain data (Region 5) vs. multifamily  QOls
Power
AMI Cherryland Michigan Residential AMI interval Single-family Day plots by season;
Electric data (Region 5) vs. multifamily  QOls
Cooperative
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Residential EIA Survey Data

Form EIA-861—Annual Electricity Sales

The EIA collects mandatory reporting data from all electric utilities (approximately 3,300) on an annual basis, for
its Annual Electric Power Industry Report (EIA 2021b). About two-thirds of utilities are required to report annual
electricity sales and number of customers by sector (residential, commercial, and industrial), via Form EIA-861.
About one-third of utilities complete the short Form EIA-861S, which does not require breaking out sales by sector.
EIA estimates the customer sector breakdown for these utilities. The Form EIA-861 data provide the best available
data on annual electricity use by utility and sector. We also used Form EIA-861 data to map the buildings we simu-
late to utility companies, based on the service territory county lists collected via EIA-861 (accounting for counties
served by multiple utilities). Because ResStock represents the entire residential sector, we were able to directly com-
pare ResStock annual electricity use estimates against EIA-861 data by utility, in the form of scatterplots. Section 4,
Results, includes these scatterplot figures from before and after our input calibration effort.

Form EIA-861M—Monthly Electricity Sales

Form EIA-861M is similar to Form EIA-861 in that it collects data on electricity sales by sector, but the data are
collected on a monthly basis instead of annual, but only for a “statistically chosen sample of electric utilities”. EIA
imputes monthly sales, revenue, and customer counts for the utilities that are not surveyed, which are added as

a state-level “adjustment”, to develop aggregated state-level estimates of monthly electricity sales, revenue, and
customer counts by sector (EIA 2021c). We compare these empirical data on monthly electricity sales data by state
to outputs from ResStock (see Section 4, Results, and Appendix F). We plot the adjustment in a different color to
illustrate the fact that there is some uncertainty in these sales data.

Form EIA-176—Monthly Natural Gas Sales

Form EIA-176 (EIA 2021e) collects data on natural gas sales by sector. Similar to the EIA-861M comparisons for
electricity, we compare the empirical residential sector annual and monthly natural gas sales data by state to outputs
from ResStock (see Appendix F).

EIA Residential Energy Consumption Survey

RECS is a survey that EIA administers to a nationally representative sample of housing units. RECS collects energy-
related information on the U.S. residential building stock, including housing unit characteristics, household demo-
graphics, and usage patterns, as well as metered energy usage for the surveyed housing units obtained directly from
utility companies (EIA 2021f). RECS includes modeled disaggregation of the energy usage into constituent end uses.

RECS microdata have been used extensively for deriving ResStock model inputs including probability distributions
of HVAC system types, setpoints and setback behavior, water heater characteristics, presence of appliances, multi-
family building characteristics, and plug loads. 2015 RECS surveyed 5,600 households, which limits the geographic
resolution with which it can be used, so we have primarily used 2009 RECS (12,083 households) for deriving these
probability distributions for ResStock, although 2015 RECS is used for some fields (see Table 2). 2020 RECS data
(target of 18,000 households) are expected to become available in 2022.

We previously used annual energy consumption data from 2009 RECS to calibrate and validate an earlier version
of ResStock for single-family detached homes at an annual level (Wilson et al. 2017). For EULP validation, we
primarily use the modeled end-use breakouts from both 2009 and 2015 RECS as comparison points for annual end
use outputs from ResStock, typically aggregated by building type and/or region.

Residential Utility AMI Datasets

Figure 7 shows a map of the utility AMI datasets used for residential calibration. Each AMI dataset is briefly de-
scribed below.

ComEd

2016 AMI data from the ComEd dataset was purchased through ComEd’s Anonymous Data Service product
(ComEd 2018) for residential Region 1 calibration. ComEd delivers electricity to about 3.6 million residential
customers in Northern Illinois, including the city of Chicago. In 2016 and 2017, AMI meters were not fully rolled
out across ComEd territory, so we used the AMI data in conjunction with 2012, 2016, and 2018 load research data
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Figure 7. This map shows the locations covered by the utility AMI and submetering datasets used for the
residential calibration and validation effort. The numbered markers show how the eight AMI datasets were
grouped into five regional phases. The LADWP marker indicates that calibration was previously completed

for the Los Angeles Department of Water and Power. The “S” markers show the locations of the four primary
end-use submetering datasets that were used for residential calibration and validation.

(LRD) available from ComEd. Both the AMI and LRD datasets tag each meter with the customer class, which for
residential customers tells us whether the customer is in a single-family or multifamily building, as well as whether
the customer uses electricity as the primary heating fuel. The ComEd AMI data also includes the ZIP code and
ZIP+4 code for each customer.”. The ComEd AMI data were unique in that it was the only AMI dataset that is pub-
licly available for purchase (ComEd 2018). One significant limitation of the ComEd AMI data is that the anonymous
meter IDs are reset for every month of data, making it impossible to understand how individual customers use elec-
tricity from month-to-month (Elevate 2017).

Based on data in ResStock from PUMS (Ruggles et al. 2021), about 66% of ComEd residential customers are in the
single-family non-electric heating class, and 17% are in the multifamily non-electric heating class. The remaining
17% use electric heat and are about equally split between single-family and multifamily customers.

Fort Collins Utilities

2018 data from the Fort Collins dataset, which covers the city of Fort Collins, CO, was used for residential Region 2
calibration. The municipal utility serves about 65,000 residential customers. We used building type metadata from
the Larimer County tax assessor database to disaggregate customers into single-family and multifamily cohorts.

Based on data in ResStock from PUMS (Ruggles et al. 2021), about 66% of residential customers are in single-
family detached homes, with the remainder split across single-family attached (i.e., townhomes and duplexes; 8%),
multifamily 2—4 units (7%), and multifamily 5+ units (20%). About 70% of residential customers use natural gas for
space heating, with 24% using electricity and the remainder using propane or other sources.

Seattle City Light
2019 AMI data from the Seattle City Light dataset was used for residential Region 3 calibration. The munici-
pal utility serves about 411,000 residential customers in Seattle, WA, and parts of adjacent suburbs. NREL used

3Subject to the 15/15 anonymization protocol: “Each dataset must contain at least 15 customers, and not one of the 15 can have 15% or more of
the usage within that dataset.”
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anonymized aggregate load profiles by residential building type (single-family, multifamily, etc.) that Seattle City
Light facilitated based on an 8% sample of residential customers.

Compared to previous regional AMI datasets, Seattle had a higher percentage of multifamily customers (48%) and a
higher percentage of customers using electricity for space heating (55%), based on data queried for ResStock from
PUMS (Ruggles et al. 2021).

EPB

2019 AMI data from the EPB dataset was used for residential Region 4 calibration. The municipal utility, formerly
known as the Electric Power Board of Chattanooga, serves about serves about 165,000 residential customers in
Tennessee and Georgia.

Based on data in ResStock from PUMS (Ruggles et al. 2021), about 71% of residential customers are in single-
family detached homes, with the remainder split across single-family attached (i.e., townhomes and duplexes; 2%),
multifamily 2—4 units (7%), multifamily 5+ units (10%), and mobile homes (10%). About 70% of residential cus-
tomers use electricity for space heating, with 22% using natural gas, and the remainder using propane (6%) or other
sources.

Tallahassee
2019 AMI data from the Tallahassee dataset was used for residential Region 4 calibration. The municipal utility
serves around 102,000 residential customers in Tallahassee, FL.

Based on data in ResStock from PUMS (Ruggles et al. 2021), about 53% of residential customers are in single-
family detached homes, with the remainder split across single-family attached (8%), multifamily 2—4 units (10%),
multifamily 5+ units (23%), and mobile homes (7%). About 89% of residential customers use electricity for space
heating, with 8% using natural gas, and the remainder using propane (3%) or other sources.

Horry Electric Cooperative

2018 AMI data from the Horry Electric Cooperative dataset was used for residential Region 4 calibration. The
cooperative serves around 69,000 residential members covering most of Horry County, SC, including the city of
Myrtle Beach. A large fraction of customers are located near the coast.

Based on data in ResStock from PUMS (Ruggles et al. 2021), about 57% of residential members are in single-
family detached homes, with the remainder split across single-family attached (5%), multifamily 2—4 units (5%),
multifamily 5+ units (18%), and mobile homes (15%). Compared to other dataset locations, Horry County has a
much higher fraction of housing units that are unoccupied vacation or vacant homes (66% of units in multifamily 5+
unit buildings). About 95% of residential customers use electricity for space heating, with 3% using natural gas, and
the remainder using propane (2%) or other sources.

Vermont Energy Investment Corporation

2018 AMI data from the Vermont Energy Investment Corporation (VEIC) dataset was used for residential Region 5
calibration. VEIC operates Efficiency Vermont, the statewide energy efficiency program for Vermont. The dataset
includes AMI data from Green Mountain Power, which serves about 222,000 residential customers across most of
the state of Vermont.

Based on data in ResStock from PUMS (Ruggles et al. 2021), about 65% of residential customers are in single-
family detached homes, with the remainder split across single-family attached (3%), multifamily 2—4 units (14%),
multifamily 5+ units (10%), and mobile homes (8%). Only 6% of residential customers use electricity for primary
space heating, with 43% using fuel oil, 16% using natural gas, 16% using propane, and 18% using wood or other
sources. Roughly 20% of housing units are vacant, vacation, or seasonally occupied. The VEIC data are overall
much more rural than previous dataset locations.
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Cherryland Electric Cooperative

2019 AMI data from the Cherryland dataset was used for residential Region 5 calibration. Cherryland Electric
Cooperative serves around 33,000 residential customers across six counties in the northwest region of Michigan’s
lower peninsula.

Based on data in ResStock from PUMS (Ruggles et al. 2021), about 78% of residential customers are in single-
family detached homes, with the remainder split across single-family attached (2%), multifamily 2—4 units (4%),
multifamily 5+ units (7%), and m<ns1:XMLFault xmlns:ns1="http://cxf.apache.org/bindings/xformat"><ns1:faultstring xmlns:ns1="http://cxf.apache.org/bindings/xformat">java.lang.OutOfMemoryError: Java heap space</ns1:faultstring></ns1:XMLFault>