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Abstract
Residential building energy simulations are increasingly
used for energy-efficient building design, codes and
standards analysis, home certifications and ratings,
utility programs, and technology assessments. Various
software tools exist to perform residential building
simulations, and these tools often use different models,
inputs, and assumptions. This leads to inconsistencies
that can undermine confidence in the predicted results.
Validation of these tools can increase confidence by
ensuring their accuracy and consistency. One way to
validate simulation tools is through empirical testing,
which compares predicted energy usage to measured
utility billing data. This paper describes the process of
data collection, data standardization, and empirical
validation, and illustrates its use with our residential
EnergyPlus®-based software. The data and process can
be extended to other simulation tools and contribute to
improving residential building simulations more
broadly.

Introduction
Each year, a considerable number of residential
buildings are modeled for government, industry, and
utility programs to inform decisions about improving
energy efficiency or estimating the impact of energy
efficiency measures. Various software tools exist to
perform residential building energy simulations. These
tools use different models, inputs, and assumptions,
which can undermine confidence in predicted results
(Horowitz et al., 2018).
Validation of these tools plays an important role in
increasing confidence of the simulation tools by ensuring
their accuracy and consistency (Roberts et al., 2012;
Merket et al., 2014; Strachan et al., 2016; Im et al.,
2020). There are generally three ways to validate
simulation tools: analytical tests, which compare against

mathematical solutions; empirical tests, which compare
against measured experimental or utility billing data; and
comparative tests, which compare multiple software
tools. Among these, empirical tests are least often
performed because it is difficult to obtain sufficient
detailed building characteristics and data, and it incurs
significant engineering/instrumentation costs to
monitor/measure homes and minimize uncertainties in
building input parameters (ANSI/ASHRAE, 2017; Im et
al., 2019). Nevertheless, there is a need for empirical
validation to assuage historical concerns about
disparities between building energy predictions and
actual energy consumption (De Wilde, 2014).
There have been efforts made to develop empirical
validation methods and to provide empirical data. The
International Energy Agency (IEA) developed an
empirical validation method with Annex 58, Reliable
Building Energy Performance Characterisation Based on
Full-Scale Dynamic Measurements (IEA, 2017). IEA’s
efforts are limited to the evaluation of the overall heat
loss through the building envelope. ASHRAE Standard
140 has also updated standardized test procedures for
validating building energy modeling software tools.
ASHRAE Standard 140 relies heavily on analytical and
comparative tests. Multiple U.S. Department of Energy
(DOE) national laboratories provide empirical data
obtained from laboratory tests for Standard 140 (Im et
al., 2019; Haves et al., 2019).
Previous studies attempted to empirically validate
building energy simulation tools against utility bills.
Cadeo Group compared Energy Trust of Oregon’s
DOE’s Home Energy Score (HEScore) modeled energy
consumption
with
weather-normalized
energy
consumption for a mix of new homes and existing
homes. Cadeo Group reported that HEScore
overpredicted actual electric consumption by 34% in
existing, electric-heated homes, underpredicted actual
electric consumption by 18% in new, electric-heated
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homes, and overpredicted gas consumption by 41% in
new, gas-heated homes (Cadeo, 2018). Consultants at
BKi compared modeled versus actual energy savings for
California home retrofits using the EnergyPro software
tool. Bki reported that on average for the sample homes,
the predicted energy savings exceeded the realized
savings by nearly half—the energy models averaged an
electric-and-gas BTU savings of about 30%, while actual
utility bill data showed a 20% reduction (Bki, 2012). Bki
also reported that about 30% difference was observed
between annual average modeled pre-upgrade energy
use annual average utility bills.
The primary objective of this work is to demonstrate the
process of data collection, data standardization, and
empirical validation, and illustrate its use with our
residential EnergyPlus-based software. The data and
process can be extended to other simulation tools and
contribute to improving residential building simulations
more broadly.

Methodology
Figure 1 shows a schematic overview of the empirical
validation process for assessing the accuracy of
residential building simulation tools. This process builds
on previous work at the National Renewable Energy
Laboratory (NREL), including the collection of datasets
from external partners, the development of data transfer
standards and building energy modeling software, and
multiple evaluations of the accuracy of residential
building energy simulations.
The methodology described in this paper includes (a)
data collection, (b) data translation, which takes the
information recorded for each home and converts it to
standardized data format, (c) weather normalization, (d)
data quality assurance, (e) residential building energy
simulation, and (f) empirical validation.

Data Collection
With the help of numerous external partners, we
collected large-scale data for residential buildings. This
included building characteristics and energy
consumption for approximately 74,000 homes across 47
states in the United States. The data were provided in the
form of various versions of HPXML files or REM/Rate
files/database exports. The data generally contain
detailed building characteristics, including envelope
constructions, heating, ventilating, and air-conditioning
(HVAC) systems, water heating systems, appliances,
and lighting systems, as well as monthly, annual, or
seasonal utility billing information.
In this paper, the data are organized into three
anonymized datasets (Dataset A, Dataset B, and Dataset
C) based on the software tool used to collect the data.
The datasets vary in terms of regionality, new
construction versus existing homes, and detail of
building characteristics.
Although we collected a large amount of data, we only
used the subset of data in each dataset in this study. Each
dataset contains a different number of homes. We
randomly sampled a subset of homes out of the larger
datasets to balance out the number of homes across the
datasets and avoid a much larger dataset from
overwhelming the results compared to a smaller dataset.
We also eliminated records from analysis if the homes
have insufficient billing data (i.e., less than 12 months of
monthly utility bills).
Data Translation
As mentioned earlier, the data were provided in several
different formats, which we translated to a single
common schema: the latest version of Home
Performance XML (HPXML), version 3.0. HPXML is
an open data standard that has been adopted by dozens
of software and data platforms as well as
programs/implementers.

Figure 1. Schematic overview of empirical validation process
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Having data in a standardized format helps ensure the
quality of data and reduces resource cost, time, and effort
to make use of the data, allowing for streamlined data
processing and analysis (DOE, 2013). It will also make
it easier for software developers to leverage the data for
the purpose of improving their software tool.
Because every software tool collects different inputs,
there are significant and unique challenges to translating
any given dataset to HPXML while including sufficient
detail to drive a whole-building energy simulation. For
example, sometimes qualitative inputs are collected
(e.g., leaky vs. tight ducts) that require translation to
quantitate values (e.g., CFM25 leakage to the outside).
Some software tools collect fewer inputs than others
(e.g., no fuel type information for major appliances like
cooking ranges/ovens and clothes dryers), requiring
assumptions to be made. In our analysis, if inputs were
too misaligned or major building features were not
sufficiently described, buildings were dropped from the
analysis. This translation process requires significant
engineering judgment.
As part of this process, we used a REM/Rate database
converter previously developed by NREL that
automatically converts the REM/Rate database into the
older version of HPXML. We developed an HPXML
version translator to convert older versions of HPXML
files to the latest version (i.e., HPXML version 3.0).
Weather Normalization
Weather-normalizing the utility bills of the homes is
important when comparing how much energy the homes
would have used under typical meteorological year
weather conditions to how much the homes did use under
the actual weather conditions.
We used Meteostat, a Python package, that provides
access to open weather data sources from National
Oceanic and Atmospheric Administration (NOAA), to
obtain actual weather conditions. We found the closest
weather station using the latitude and longitude of the
home and obtained the actual weather data for the
weather station. If there is no data available, we used data
from the next closest weather station.
We used EEmeter, an open-source toolkit that allows us
to find the relationship between energy consumption and
weather data. We established the best fit model using
CalTRACK monthly billing method. Then, we used the
CalTRACK fit model to calculate normalized metered
energy consumption for homes with at least 12 months
of electricity and/or natural gas utility billing data.

Data Quality Assurance
The data quality assurance process is a time-consuming
task. Having data in a standardized format was a great
help not only in reducing the time of this process but also
in identifying erroneous inputs in the data. Note that
having data in a standardized format does not necessarily
mean they always contain appropriate inputs. Real-world
data can contain errors in the building assets inputs or
errors in the utility billing data. These errors may have
been caused by user input errors or user
misinterpretations in the software interface, errors in
how the software tools translate inputs to HPXML,
inconsistencies of inputs, etc.
Errors in the building assets inputs include cases of
datatype mismatches (e.g., values of 0-100 instead of 01), cases where unreasonably high or low
HVAC/domestic hot water efficiency values were
provided (e.g., central air conditioner SEER <5), or cases
where homes have no space/water heating equipment or
windows. After consulting with the data providers, we
corrected as many of these errors as possible, but were
forced to drop some homes when we were unable to find
a reasonable way to handle them. In some cases, the
software providers could benefit from further errorchecking around inputs in their software.
Examples of errors in utility billing data are extreme
energy consumption outliers, either on the high side
(e.g., homes with electricity consumption for a month
greater than 10,000 kWh and homes with annual natural
gas consumption greater than 10,000 therms) or on the
low side (e.g., homes with electricity consumption for
every month less than 10 kWh). There are several
potential drivers of these errors, such as erroneous user
inputs, incorrect units (e.g., therms vs. CCF for gas), or
faulty meter readings. These outliers had the potential to
exert high leverage on our analysis methods, which
would yield inaccurate conclusions for the bulk of
homes. Therefore, these data points were excluded from
the analysis.
Residential Building Energy Simulation
We chose to assess the accuracy of the open-source
residential simulation platform, OpenStudio-HPXML
(OS-HPXML), developed by NREL. The OS-HPXML
simulation platform allows quickly running an
EnergyPlus simulation using a standardized HPXML
input file and TMY3 weather file. It can accommodate a
wide range of building technologies and geometries. The
OS-HPXML simulations are asset, not operational
calculations. While they include reported setpoints, they
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assume standard occupancy based on the number of
bedrooms and floor area for appliances, lighting, hot
water, and plug load use.
The datasets provide most of the building characteristics
that are needed for running simulations through OSHPXML, which include inputs for the building site,
occupancy, construction, climate zone, air infiltration,
enclosure, HVAC systems, HVAC distribution,
ventilation fan, water heating systems, hot water
distribution, appliances, lighting, and ceiling fans. If the
datasets did not contain the inputs required to
successfully run OS-HPXML simulations, we had to
make assumptions. For example, if an unconditioned
basement presents, OS-HPXML requires a slab,
foundation wall, and frame floor adjacent to the
unconditioned basement. If any of these surfaces is
missing, we assumed its dimension based on the
dimensions of other adjacent surfaces and assumed R-0
nominal insulation. Another example is duct leakage
measurements. If duct leakage measurements are
missing, we assumed 15% leakage to outside for both
supply and return ducts.
OS-HPXML is or will soon be used as the modeling
workflow by several DOE and industry software tools,
including Home Energy Score, Weatherization
Assistant, OS-Energy Rating Index, ResStock™,
BEopt™, URBANopt™, and several third-party
software tools. NREL released the latest version of OSHPXML, version 1.3.0, in November 2021.
Simulations were performed on buildings that had
sufficiently detailed building characteristics and at least
one year of monthly utility billing data. A small fraction
of buildings that had more complex features not

supported by the OS-HPXML simulation platform (e.g.,
solar collectors for space heating) were not simulated.
Empirical Validation
For validation analysis, we randomly sampled about
5,500 homes across 30 states to balance the number of
homes across the datasets to avoid larger datasets
overwhelming smaller datasets. Note that some datasets
have far fewer homes with natural gas utility bills
because many homes use other heating fuels (e.g.,
propane, fuel oil, or electricity). Table 1 presents the
summary of homes in datasets. Figure 2 shows a map of
the data locations and the relative number of houses
used.
Dataset A

Dataset B

Dataset C

Figure 2. Locations of homes by dataset
Of the various housing types, most homes are singlefamily detached, single-family attached, and
manufactured. A future study would benefit from

Table 1. Summary of homes in datasets
# Homes
# Homes randomly
selected for analysis
Locations selected
for analysis

Data format

Dataset A

Dataset B

Dataset C

Total

2,546

1,172

70,263

73,981

2,371

1,172

1,947

5,490

AR, DE, GA, MD,
MS, NJ, SC, TN,
VA (9 States)

MN, NC, TX,
VT, WI (5
States)

HPXML 2.2, 2.3

REM/Rate data

AZ, CA, CO, CT,
DE, FL, GA, ID, IN,
KS, KY, MA, MD,
ME, MI, MN, MT,
NJ, NY, PA, TX,
VA, VT, WA, WI
(25 States)
HPXML 2.1, 2.2,
2.3

AR, AZ, CA, CO, CT,
DE, FL, GA, ID, IN,
KS, KY, MA, MD,
ME, MI, MN, MS,
MT, NC, NJ, NY, PA,
SC, TN, TX, VA, VT,
WA, WI (30 States)
HPXML 2.1, 2.2, 2.3,
REM/Rate
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additional data on apartment units and multifamily
buildings. In this study, we focused on electricity and
natural gas bills. For each dataset, most homes contain
monthly electricity and natural gas bills.
To analyze the data and results efficiently, we extracted
information that is necessary for analysis (e.g., monthly
consumption data, building characteristics, simulation
results) and stored it as a JSON file that can be easily
converted to a Pandas dataframe, which is widely used
in Python for data analysis.
We leveraged Plotly, an open-source library for
visualizing data. An advantage of Plotly is that it easily
produces interactive graphs. The interactive graphs
reduced the time and effort related to inspecting the data
and results.

Discussion and Result Analysis
This section provides the empirical validation results.
Table 2 presents the results of the comparison between
predicted and measured energy consumption.
Predictions of electricity and natural gas consumption
were compared with weather-normalized utility billing
data for homes across 30 states.
The comparison results yielded:
•
•

Electricity consumption is underpredicted by a
median of 2%
Natural gas consumption is underpredicted by
a median of 2%

•

•

21% of the homes have differences of more
than 50% between the predicted and measured
electricity consumption
11% of the homes have differences of more
than 50% between the predicted and measured
natural gas consumption

We used normalized mean bias error (NMBE) and
normalized root mean square error (NRMSE) to quantify
the deviation between the predicted and measured
energy consumption. NMBE and NRMSE, as well as
linear regression lines, can be used to assess the accuracy
of a software tool.
Figure 3 shows predicted electricity energy consumption
versus measured electricity consumption for all data and
individual datasets. The calculated NMBE and NRMSE
across all data are -1% and 39%, respectively.
Figure 4 shows the distribution of predicted electricity
energy consumption and measured electricity
consumption. The distribution of predicted electricity
energy consumption is narrower than that of measured
consumption.
Figure 5 shows predicted versus measured natural gas
consumption for all data and individual datasets. The
calculated NMBE and NRMSE across all data are 0%
and 38%, respectively. The graph shows a similar pattern
to electricity.
Figure 6 shows the distribution of predicted natural gas
consumption and measured natural gas consumption.
Compared to the electricity case, the distributions of
predicted and measured consumption are much closer.

Table 2. Statistical summary of differences between predicted and measured electricity and natural gas consumption
Median measured electricity
consumption [kWh]
Median predicted electricity
consumption [kWh]
Percent difference
Homes within 25%/50% difference
Median measured natural gas
consumption [therms]
Median predicted natural gas
consumption [therms]
Percent difference
Homes within 25%/50% difference

Dataset A

Dataset B

Dataset C

All

15,217

8,055

8,584

11,121

15,202

9,947

7,861

11,317

-0.1%

23%

-8%

2%

59%/85%

40%/66%

44%/76%

51%/79%

836

821

1,068

929

838

946

986

948

0.2%

15%

-8%

2%

68%/89%

51%/81%

68%/93%

63%/89%
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NMBE=-0.01, NRMSE=0.39

60k

y=0.63x+4595.97, R²=0.57

Predicted natural gas consumption [therms]

70k

homes/occupants would achieve a similar slope.
However, software tools with greater accuracy should
still trend closer to the line of perfect agreement.
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0
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8k

y=0.65x+360.49, R²=0.51

7k
6k
5k
4k
3k
2k
1k
1k

2k

3k

4k

5k

6k

7k

8k

9k

10k

Measured natural gas consumption [therms]

20k

40k

60k

0

20k

40k

60k

0

20k

40k

60k

Figure 3. Predicted versus measured electricity
consumption for (top) all data and (bottom) individual
datasets
350
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200

Measured
Predicted

150
100

10k

Dataset A

8k
6k
4k
2k
0
0

2k 4k 6k 8k 10k 0

40k

50k

60k

70k

Electricity consumption [kWh]

Figure 4. Distribution of predicted versus measured
electricity consumption
There are multiple interesting takeaways from these
results. First, note that the linear regression lines always
have a slope of less than one. Because measured
consumption has a lower limit of zero (e.g., vacant
homes) but an unbounded upper limit (e.g., high
occupant usage), it’s likely that any predictive energy
model with less-than-perfect knowledge of the

Count

30k

2k 4k 6k 8k 10k 0

2k 4k 6k 8k 10k

Mean: 1,032 (measured), 1,029 (predicted)
Median: 929 (measured), 948 (predicted)
Std Dev: 547 (measured), 496 (predicted)

250
20k

Dataset C

Measured natural gas consumption [therms]

50
10k

Dataset B

Figure 5. Predicted versus measured natural gas
consumption for (top) all data and (bottom) individual
datasets

Mean: 12,900 (measured), 12,746 (predicted)
Median: 11,121 (measured), 11,317 (predicted)
Std Dev: 7,722 (measured), 6,438 (predicted)

300

Count

9k

0
0

Measured electricity consumption [kWh]

0
0

10k

Predicted natural gas
consumption [therms]

Predicted electricity consumption [kWh]
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Predicted
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0
0
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3000

4000

5000

6000

7000

8000

9000

Natural gas consumption [therms]

Figure 6. Distribution of predicted versus measured
natural gas consumption
Second, note that predicted results for both electricity
and natural gas have a narrower distribution than
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Conclusion
This paper describes the process of performing empirical
model validation using a large set of residential
buildings. We collected building characteristics and
utility billing data for tens of thousands of homes,
translated them into standardized HPXML files, and
performed substantial data quality assurance to identify
bugs and other issues. We compared weather-normalized
consumption data against predicted simulation results
from OS-HPXML.
OS-HPXML underpredicted electricity and natural gas
by medians of 2%. 79% of homes with electricity and
89% of homes with natural gas had less than 50%
difference
between
measured
and
predicted
consumption. Conditioned floor area and year built
correlate strongest with these differences.
This model validation process can be used to assess the
relative accuracy of multiple software tools against realworld energy consumption and identify building features
that lead to significant energy discrepancies.
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consumption [kWh]
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70k
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60k

Measured electricity consumption [kWh]

Predicted electricity
consumption [kWh]
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60k
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40k
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0
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Measured electricity consumption [kWh]

Predicted natural gas
consumption [therms]

Figure 7. Predicted versus measured electricity
consumption disaggregated by (top) conditioned floor
area and (bottom) year built
10k
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6k
4k
2k
0
0

2k 4k 6k 8k 10k 0

2k 4k 6k 8k 10k 0

2k 4k 6k 8k 10k

Measured natural gas consumption [therms]

Predicted natural gas
consumption [therms]

measured data. This is expected because OS-HPXML
models typical occupancy, whereas actual occupant
behavior is diverse. Additionally, buildings may have
features (e.g., a giant aquarium) that are unknown to and
ignored by the energy model, or features (e.g., a
dishwasher) that are present but not actually used by the
occupant.
Finally, note that significantly more homes in Dataset B
and C fall within the 25%/50% difference for natural gas
relative to electricity. This may be because most homes
in Dataset B and C use natural gas heating and natural
gas consumption is primarily composed of loads highly
correlated with weather (e.g., space heating), while
electricity consumption is primarily composed of loads
more sensitive to occupants (e.g., appliances and plug
loads).
We also took a closer look at which building features
would have strongest influence on the differences
between the predicted and measured energy
consumption by developing scatter graphs disaggregated
by building feature. Most building features (e.g., HVAC
type, foundation type, window area) were not found to
correlate strongly with differences, but there were
exceptions for conditioned floor area and year built, as
shown in Figure 7 and Figure 8 for electricity and natural
gas, respectively. For electricity consumption, the slope
gets worse for larger homes and older homes, while the
opposite is true for natural gas consumption.

10k

≤1940

>1940 and ≤1980

>1980

8k
6k
4k
2k
0
0

2k 4k 6k 8k 10k 0

2k 4k 6k 8k 10k 0

2k 4k 6k 8k 10k

Measured natural gas consumption [therms]

Figure 8. Predicted natural gas consumption versus
measured natural gas consumption disaggregated by
(top) conditioned floor area and (bottom) year built
We hope to expand our further study on this area and see
how OS-HPXML can be utilized to improve residential
building modeling. In residential buildings, the
occupant’s behavioral impact on energy use can be
relatively large as occupants can access system controls.
Attempts have been made to improve residential
building simulation accuracy through more effective
occupant behavior modeling methods such as agent-
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based modeling, statistical modeling, data mining, and
stochastic modeling (Jia et al., 2017). It could be
interesting to explore the impact of operational
calculations adjusting appliance, lighting, hot water, and
plug load use based on the number of occupants when
provided.
We also hope to publish the data as anonymized HPXML
files and develop a testing procedure to evaluate
additional software tools and contribute to improving
residential building simulations more broadly.
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