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H I G H L I G H T S
learning models were used to estimate commercial building energy consumption.
• Machine
was used to train a US-wide model with ﬁve commonly available features.
• CBECS
of the model on city-speciﬁc building data was performed for New York City.
• Validation
gradient boosting model performs best compared to Linear, SVM, and other methods.
• The
• Availability of more building features results in more accurate models.
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Building energy consumption makes up 40% of the total energy consumption in the United States. Given that
energy consumption in buildings is inﬂuenced by aspects of urban form such as density and ﬂoor-area-ratios
(FAR), understanding the distribution of energy intensities is critical for city planners. This paper presents a
novel technique for estimating commercial building energy consumption from a small number of building
features by training machine learning models on national data from the Commercial Buildings Energy
Consumption Survey (CBECS). Our results show that gradient boosting regression models perform the best at
predicting commercial building energy consumption, and can make predictions that are on average within a
factor of 2 from the true energy consumption values (with an r 2 score of 0.82). We validate our models using the
New York City Local Law 84 energy consumption dataset, then apply them to the city of Atlanta to create
aggregate energy consumption estimates. In general, the models developed only depend on ﬁve commonly
accessible building and climate features, and can therefore be applied to diverse metropolitan areas in the United
States and to other countries through replication of our methodology.
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1. Introduction
There is substantial evidence to suggest that diﬀerent conﬁgurations
of the built environment are closely associated with variations in energy
consumption and climate altering greenhouse gas emissions [1–5].
While the relationship between urban form and energy use in transportation has been well studied, we know far less about the impact of
urban form on residential and commercial energy demands [6–9]. A
2009 study commissioned by the National Academy concluded that

increasing development densities leads to modest savings in energy use
in transportation, and by extension, a reduction in greenhouse gas
emissions [10]. Yet, if our interest is in building energy eﬃcient communities, a more comprehensive set of attributes of the built environment need to be examined to determine whether increasing development densities actually lead to energy savings. The estimation of
building energy consumption at the scale of small urban areas is diﬃcult without building level data and few studies have attempted to
provide energy footprints for residential and commercial buildings at
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neighborhood scales. This paper ﬁlls some of that gap by providing a
generic technique for estimating commercial building energy from
publicly available data in the U.S.
According to the 2015 annual energy consumption data released by
the U.S. Energy Information Administration (EIA), residential and
commercial buildings consumed 39 quadrillion Btus., representing 40%
of total energy consumption in the United States [11]. Similarly, according to the European Commission [12], building energy consumption accounts for 40% of the total energy consumption in the EU.
Globally, the building sector accounted for approximately 32% of energy consumption in 2010 [13]. Thus, advanced economies spend a
particularly large percentage of their energy in buildings compared to
developing countries. While the EIA releases highly detailed annual
energy consumption estimates by sector for the U.S. as a whole, it is
useful for local policy makers to have small area or neighborhood level
estimates of energy consumption. Without access to ﬁne scale data on
energy use, urban planners will not be able to benchmark the eﬀects of
environmental or climate related policies aﬀecting diﬀerent sections of
the urban region or make conﬁdent predictions about the outcomes of
proposed policies. Machine learning models can also help city and regional planners predict the energy burdens that could result from alternative urban growth patterns and global warming scenarios. Spatial
energy consumption information at a granular scale is therefore crucial
to fulﬁlling sustainability goals.
One way of estimating building energy consumption, in the absence
of actual sensor data, is to create physical building models with a
“template” of representative buildings, then run thermodynamic simulations to estimate the energy demands [14]. These “engineering”
models of building energy consumption are computationally expensive
and cannot capture the wide variety of diﬀerent buildings present in
cities, as modeling each type of building requires very detailed input
data, which is costly to collect. Statistical models can be used to ﬁll the
gaps where resources are too limited to use physical models, or the
scale of the study area makes physical modeling impractical.
We aim to model commercial building energy consumption at the
building level using machine learning models. This statistical approach
avoids expensive physical modeling eﬀorts, and is able to provide
reasonable estimates that can be validated against existing building
level energy consumption databases. Speciﬁcally, we train machine
learning models on the 2012 Commercial Building Energy Consumption
Survey microdata [15], then validate this approach using the Local Law
84 (LL84) dataset from New York City. We show how our models can be
used to create comprehensive metropolitan wide commercial energy
consumption maps by applying them to 73,388 commercial buildings in
Atlanta, GA. These maps will help city planners better understand the
relationships between urban form and energy consumption, and plan
for the future. Our models purposefully only rely on a limited set of
building level features, namely: square footage, principal building activity, number of ﬂoors, and heating and cooling degree days, so that
they can be applied to any metropolitan area in the United States.
Furthermore, to facilitate the wider adoption of our methods in other
metropolitan areas throughout the US, we have released the code and
trained models used in this paper in a public GitHub repository1. The
code and instructions provided in the GitHub repository can be used to
reproduce the modeling and validation results from this paper, and to
apply trained models in new settings. In general, the machine learning
modeling approach for broad commercial building energy consumption
prediction presented in this work is a novel step toward better understanding the energy consumption landscape in the United States.

2. Related work
Methods for predicting building energy consumption can be categorized into three groups: engineering methods (white-box models),
statistical methods (black-box models), and hybrid approaches (greybox models) [14,16,17]. Engineering methods physically model
building energy consumption by simulating the laws of thermodynamics using extensive building level data. This method cannot be
applied precisely at the urban scale, due to its large data and computational demands, however it is used to estimate the energy consumption of a small typology of buildings which are then aggregated over
entire urban areas [18,16,17]. Statistical methods for estimating
building energy consumption aim to directly regress energy consumption values on associated building and climate variables. In general,
machine learning methods (such as the methods used in this study) fall
into this category, although Zhao and Magouls have separated machine
learning based studies from linear regression model based studies in
their review [14]. Hybrid methods involve a combination of both engineering and statistical models, and use the output from engineering
models as an input to statistical models. The purpose of these models is
to oﬀset some of the constraints involved with physical modeling (such
as the inability to model every building in a district) with the ﬂexibility
of statistical approaches [19].
A commonality between the engineering, statistical, and hybrid
methods is that they are all limited by the availability of relevant data.
Indeed, availability of data is crucial for any statistical modeling approach, but our method lowers the bar for data requirement as discussed later. Mathew et al. discuss big data applications of the US
Department of Energy’s building performance database (BDP) [20]. The
BDP has data for both residential and commercial buildings on a larger
scale than either the Commercial Building Energy Consumption Survey
(CBECS) or the Residential Building Energy Consumption Survey
(RECS), however can only be used in benchmarking applications. Access to ﬁne grained data, such as that collected by BDP, will be crucial
for development of more accurate and relevant statistical based models
[21].
Linear statistical models have been used in studies for predicting
energy consumption at both the building and zone level resolutions.
Boulaire et al. use robust linear models to model energy consumption at
the zone level in NSW, Australia [22]. Kuusela et al. use a lognormal
modeling framework to model electricity consumption from aggregate
building features at the zone level of a Finnish city [23]. Kontokosta use
robust linear models to estimate building energy consumption of residential and commercial buildings using 2011 New York City’s Local
Law 84 (LL84) dataset [24]. While these models are easily interpretable, machine learning models are better suited for modeling the
complex relationships between building level characteristics and energy consumption since such models have fewer constraints about the
statistical relationships among variables.
Previous studies have shown that machine learning models outperform linear models in modeling building energy consumption. Tso
et al. use linear regression models, decision tree models, and neural
networks to model residential electricity consumption at the building
level in Hong Kong [25]. The study splits the dataset across the summer
and winter seasons and trains models separately for each season.Similarly, Fan, Xiao, and Wang use an ensemble of machine learning models
to predict the next-day building energy consumption of the “International Commerce Center” in Hong Kong with good results [26]. Wei
et al. use two linear models and four non-parametric machine learning
models to estimate gas and electricity consumption at a zone level in
London [27]. Similarly, Yalcintas et al. train an artiﬁcial neural network and multiple linear regression models to predict the energy use
intensity values (kWh per square meter) with the 1999 CBECS data
[28]. This study only uses one category of building from the CBECS
dataset, and categorizes the target values to convert the problem into an
easier classiﬁcation problem. These three studies all ﬁnd that machine

1
The code and trained models are available at: https://github.com/SEI-ENERGY/
Commercial-Energy/
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and number of employees.
The New York City Benchmarking Law, known as Local Law 84
(LL84), requires buildings that are over 50,000 square feet, or lots with
buildings with over 100,000 square feet combined, to report their annual energy and water consumption values in a standardized manner
using the EPA’s portfolio manager database [30]. This consumption
data, along with some of the building characteristics, have been released annually since 2011. We use the most recent “2016 Energy and
Water Data Disclosure” data that contains information on energy consumption from 2015. This dataset has 13,223 rows of data, where each
row represents a building or collection of buildings on a single lot, in
one of the ﬁve boroughs of New York City. Each row of data contains
feature such as: total square feet, year built, primary building activity,
and energy use intensity (kWh/ft2).
An important component of building energy demand is the amount
of energy used to heat and cool the building. Heating and cooling degree day variables have been shown as useful indicators of this demand
[31], and are included in the CBECS dataset, however are absent from
the LL84 dataset. We augment each row in the LL84 dataset with
heating degree day (HDD) and cooling degree day (CDD) features from
2015 CDD and HDD raster maps. These raster maps were calculated
according to the methodology found in [32], from the daily average
temperatures predicted by an aggregate of 11 climate models run at
Oak Ridge National Laboratory [33]. We further join the LL84 dataset
to the New York City PLUTO dataset [34] in order to get more information, such as the number of ﬂoors, for each building in the LL84
dataset. After this processing, we have information on 2612 commercial
buildings, which we will simply refer to as the LL84 dataset.
For more information about how we clean and process these datasets please see Appendix A.

learning models perform better than linear regression based models,
however they are limited both by the few models they consider, and the
smaller datasets they use. In our work we consider a broad range of
machine learning models, and use as much of the CBECS data as possible with the objective of creating a general model for estimating
commercial building energy consumption.
Finally, the most similar work to ours is by Howard et al., which
uses the LL84 dataset to estimate robust linear regression models for
predicting energy consumption in commercial and residential buildings
in New York City [29]. The authors calibrate the linear model using the
building function, square footage, and energy use intensity features
from the New York speciﬁc data, and the ﬁnal predicted energy consumption is disaggregated into several diﬀerent end uses based on
CBECS and RECS data. The ﬁnal estimates were aggregated at the block
area level to provide spatial energy consumption distributions. Our
work is diﬀerent from this as we train multiple machine learning
models on the national CBECS data, which we then apply to speciﬁc
metropolitan areas. We are not concerned with the speciﬁc energy enduses in commercial buildings, as this would require more detailed data
to model and validate, but instead focus on estimating generally capable models that can be used to create acceptable estimates of total
energy consumption using as few features as possible.
3. Data and methods
Our two main objectives are to (1) train machine learning models to
predict the annual major fuel, or the combination of electricity, natural
gas, and fuel oil, consumption, of commercial buildings from easily
accessible descriptive features of buildings and (2) validate the models’
ability to be applied to speciﬁc metropolitan areas. Speciﬁcally, we
train and test our models using national survey data from CBECS, then
use true energy consumption values from New York City’s Local Law 84
(LL84) dataset to validate the ability of the nationwide CBECS-trained
models to be applied accurately to a speciﬁc metropolitan area. In
Section 3.1 we describe the datasets we use in further detail, in Section
3.2 we explain the details of our methods, and in Section 4 we present
our results and discussion. We give a listing of commonly used abbreviations in Table 1. A graphical overview of the methodology that
we follow in this work is given in Fig. 1.

3.2. Modeling commercial building energy consumption
We want to predict the ‘Annual Major Fuel Consumption’ (the
MFBTU ﬁeld in CBECS) of commercial buildings by only using some
features of the buildings. We express this objective in a machine
learning regression format as follows: We are given X , the features for
all buildings in the CBECS dataset, and e , the target MFBTU (energy)
values for all buildings, where a row, Xi,:, represents the features for
building i, and an entry, ei , is the MFBTU value for building i. In the
remainder of the paper we focus on predicting the logarithm of the
actual MFBTU values as we have observed that the MFBTU values follow
an approximate log-normal distribution, and some machine learning
models will be able to better estimate the values in the log-transformed
normal distribution [35,36](see Fig. A.6). Speciﬁcally, we let
yi = log10 (ei ) , and refer to y as our target values. We want to learn a
function, f (Xi ,:) = yi ,̂ that takes the features of a building as input, and
outputs the estimated log of the energy consumption for that building,
yi .̂ From this, we predict the MFBTU value for a building as ei ̂ = 10 yi ̂ . To
estimate f we will use machine learning models such as: linear regression, gradient boosting regression models, and random forest

3.1. Data
The CBECS microdata is released by the U.S. Energy Information
Administration (EIA) approximately every ﬁve years. The latest microdata, from 2012, contains 6720 rows of data, where each row represents some of the estimated 5.6 million commercial buildings in the
U.S. [15]. Speciﬁcally, each row contains the features, or information
on numerous characteristics, of a particular representative building
gathered through the CBECS ‘Building Survey’ questionnaire. These
features include information such as: the square footage of the building,
the principal building activity (PBA), heating and cooling degree days,
Table 1
Commonly used abbreviations.
Abbreviation

Description

CBECS

Commercial Building Energy Consumption Survey - A national (for the US), statistically representative survey of commercial building characteristics and energy
consumption published by the Energy Information Administration
New York City Local Law 84 data - A dataset published yearly by New York City on the energy consumption of commercial buildings
Major fuel consumption in BTUs - This is the total energy consumption of a building, i.e. what our models predict
Principal building activity - The main use category of a building, e.g. “Oﬃce”, “Education”, “Nonrefridgerated warehouse”
Traﬃc analysis zone - The name given to small geographic areas used for planning in many cities. We spatially aggregate our model’s commercial building energy
consumption estimations in Atlanta using these zones
Heating degree days - The total number of degrees below 65 Fahrenheit summed for each average daily temperature in a year. This a proxy measure for the total
energy needed to heat a building in a year
Cooling degree days - The total number of degrees above 65 Fahrenheit summed for each average daily temperature in a year. This a proxy measure for the total
energy needed to cool a building in a year

LL84
MFBTU
PBA
TAZ
HDD
CDD
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Fig. 1. Modeling framework.

nearest neighbor regressor (KNN regressor). All model implementations
are based on the scikit-learn Python library [38] and use the default
parameter settings. To evaluate the models we use stratiﬁed k-folds
cross validation with k = 10 , and record the cross-validated mean absolute error (mean AE), median absolute error (median AE), and the r 2
between the true and predicted log10 (MFBTU) values. The r 2 values
calculated between the predicted values, y ,̂ and the actual values, y , is

regressors. In general, these models attempt to tune their internal
parameters, θ , to minimize some loss function, L, between the target
values and values predicted by the model, i.e. solving min L (y,f (X;θ)) .
θ

The loss function will be a function that penalizes inaccurate measurements,
for
example,
mean
squared
error,
n
1
MSE (y,y )̂ = n ∑i = 1 (yi −yi )̂ 2 . Once a model is ‘trained’, and we are conﬁdent in its ability to generalize to unseen inputs, it can be used to estimate log10 (MFBTU) values for buildings that are not in X .
To evaluate the performance of the models on unseen data, i.e. to
see how well the model is able to generalize to inputs it has not seen, we
use stratiﬁed k-folds cross validation [37] on the CBECS dataset. This
process involves splitting the data into k subsets, where each subset
contains an equal portion of each class of building from the CBECS data,
training the models on k−1 sets, then evaluating their performance on
the single remaining testing set. This process is repeated k times so that
each of the k sets is used as the testing set once. The evaluation metrics
are reported as the average metric over the k iterations. Fig. 2 gives a
graphical representation of this method. We chose stratiﬁed k-folds
cross validation over the traditional k-folds cross validation because of
the class imbalance in the CBECS dataset. The CBECS dataset contains
20 unique classes of buildings (where classes are deﬁned as PBAs). The
number of samples in each class diﬀers from 1044 “Oﬃce Buildings” to
14 “Enclosed Malls”, where each class has a unique energy consumption distribution, see Figs. A.5 and A.6. This cross validation evaluation
is the method used in the “Evaluation” step shown in Fig. 1. In all of our
experiments we have set k equal to 10. During each cross validation
split, we center and scale each feature in the training and testing splits
based on statistics calculated from the training split (i.e. we subtract the
mean and divide by the standard deviation). Finally, without loss of
generality, we clip any negative predictions from any model to 0.
We use the following models in our experiments: linear regressor,
ridge regressor, RBF kernel support vector regressor (SVR), elastic net
regressor, linear kernel support vector regressor (linear SVR), adaboost
regressor, bagging regressor, gradient boosting regressor (XGBoost),
random forest regressor (RF regressor), extra trees regressor (ET regressor), multi-layer perceptron regressor (MLP regressor), and k-

given as r 2 (y,y )̂ = 1−

∑i (yi − yi )̂ 2
∑i (yi − y )2

, where y is the mean value of y . A model

which guesses the mean for every observation will have an r 2 score of 0,
therefore any model which performs worse than this is “learning” the
wrong relationships and will be useless. We also report the 10 Mean AE and
10 Median AE , which capture the average number of multiples away the
model’s MFBTU estimate is from the true MFBTU value.
The CBECS dataset has many features that might not be feasible to
collect in localized studies. The purpose of training models on the
CBECS dataset is to later use them to estimate the energy consumption
of commercial buildings in any city where there is building data, but no
energy consumption data. Most features in the CBECS dataset such as,
‘Number of Employees’, ‘Number of X-ray machines’, or ‘Insulation
upgraded’, are not commonly available, and therefore should not be
included when training the models. It is important, however, to determine the inﬂuence of each possible feature included in the CBECS
data on predicting energy consumption, in order to determine the potential beneﬁts of additional data collection eﬀorts. To this end, we run
two sets of experiments using the methodology described in the previous two paragraphs: one that involves training the models using only
a set of features that will be commonly available, or easily obtainable,
in many cities and one that includes all of the features available in
CBECS. We refer to the ﬁrst group of features as the “common feature
set”; it includes the following features: principal building activity,
square feet, number of ﬂoors, heating degree days, and cooling degree
days. We refer to the second group as the “extended feature set”. As the
“common feature set” is the set we expect to be available when using
our models in speciﬁc urban areas, Fig. 1 shows this set of features as
common between the “Model Development” section and “Application”
section.
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Fig. 2. Graphical representation of k-folds cross validation.

4.1. Experiments with common features

To supplement the previous two experiments, and to aid the interpretability of our modeling process, we determine which features are
the most important to the gradient boosting models (which we show are
the best performing models). Feature importances in gradient boosting
models are calculated as the amount of reduction in Gini impurity each
feature causes over all splits for which that feature is present, over all of
the trees that make up the model [39]. These values give us the relative
importance of each feature included in a model, allowing us to rank the
features in terms of “most useful” in the model, and compare the relative importance of features within a model. By performing this step
for models trained with both the common and extended feature sets, we
can see which features in the extended feature set that are not included
in the common set will be most beneﬁcial to include.
While machine learning models may perform well within the CBECS
dataset, there is no guarantee from the cross-validated experimental
results about the performance of the models on external data.
Considering this, we validate our models on the augmented LL84 dataset, which describes the characteristics and energy consumption levels of 13,223 buildings in New York City. To do this we choose the best
performing models from the ﬁrst two experiments, train them with the
CBECS data, then use them to predict the energy consumption values
for each building in the LL84 dataset. Finally, in addition to this experiment, we perform a cross-validated experiment, with the same
setup as our initial experiment on the CBECS data, using only the LL84
data (i.e. both training and testing models on the LL84 dataset). The
results of this experiment will give us an upper bound on how well we
can expect our models to perform on the LL84 data. The diﬀerence
between these results, and the results of the previous experiment will
show us how much information our general models are lacking about
speciﬁc New York City energy consumption patterns.

We ﬁrst experiment with training machine learning models to predict commercial building energy consumption using a common set of
features from the CBECS dataset. This common feature set contains only
the features from CBECS that are also available in the augmented LL84
data, namely: principal building activity, square footage, number of
ﬂoors, heating degree days, and cooling degree days. In addition to
being common with the LL84 dataset (to allow for external validation),
this set of features should be widely available for commercial buildings
in many metropolitan areas through local or commercial datasets. This
modeling choice will let the models we train with the CBECS data be
applied to a wide range of metropolitan areas.
In Table 2 we show the cross validated mean absolute error (mean
AE), 10 mean AE , median absolute error (median AE), 10 median AE , and r 2
score of all models tested on the entire dataset. Because we perform a
log10 transformation of the MFBTU values, 10 mean AE should be interpreted
as the number of multiples away the predicted energy value would be
from the true energy value for a building where our model exhibits the
mean absolute error 2. The same reasoning applies for the median absolute error. For all evaluation metrics, we report the metric by averaging over the results of k folds, hence each metric also has a standard
deviation σ associated with it over the folds, which we show as ‘ ± σ ’ in
the results tables.
Table 2 shows that over all classes of buildings, the gradient
boosting regressor (XGBoost) outperforms the other models in all metrics, with an r 2 value of 0.82 and MFBTU predictions that are within 1.99
times of the true MFBTU value on average. The linear models (linear
regression, ridge regression, etc.) all perform comparatively poorly,
with a maximum r 2 score of 0.53.
In Fig. 3 we show a comparison of the predictions made by the
linear regression model to those of the gradient boosting model. Qualitatively, this ﬁgure shows that the gradient boosting model is not
systematically over- or under-estimating energy consumption, compared to the linear regression model. The linear regression models
overestimate consumption at the low end of the actual energy consumption range, and underestimate at large energy consumption
ranges. This unbiased attribute is important for models that will be used
to create aggregate summaries of energy consumption. If we use a

4. Results and discussion
Our results are presented in ﬁve parts: (1) testing the ability of
machine learning models to predict commercial energy consumption
from CBECS with the common feature set in Section 4.1; (2) testing the
same models with the extended feature set from CBECS in Section 4.2; (3)
evaluating the most important features from the previous two parts in
Section 4.3; (4) validating our machine learning models on the LL84
dataset in Section 4.4, and (5) applying our machine learning models to
the city of Atlanta in Section 4.5. The methodology for all of these
experiments can be found in Section 3.

2
Given a mean or median absolute error, x, if
e
i,x = |log10 (yi )−log10 (yi ̂)| = |ei−ei |̂ , then that means that = 10±x .

ê
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Table 2
Common features. Results of all machine learning models trained on the common feature set. The mean absolute error (mean AE), median absolute error (median AE), and the r 2 values
are calculated in terms of log10 MFBTU values. The 10 Mean AE and 10 Median AE columns show the average number of multiples away the model’s estimate is from the true value. The values
following “ ± ” are the standard deviations of each metric calculated over the 10 cross validation folds.
Common features
XGBoost
Bagging
MLP Regressor
Random Forest Regressor
Extra Trees Regressor
SVR
KNN Regressor
AdaBoost
Linear SVR
Linear Regression
Ridge Regressor
ElasticNet
Lasso

Mean absolute error
0.30
0.33
0.33
0.33
0.34
0.39
0.43
0.43
0.51
0.52
0.52
0.76
0.79

±
±
±
±
±
±
±
±
±
±
±
±
±

0.01
0.01
0.01
0.02
0.02
0.01
0.01
0.03
0.02
0.02
0.02
0.02
0.02

Median absolute error

10 Mean AE
1.99
2.13
2.16
2.13
2.17
2.44
2.68
2.71
3.28
3.33
3.33
5.75
6.17

±
±
±
±
±
±
±
±
±
±
±
±
±

0.06
0.07
0.05
0.07
0.08
0.07
0.08
0.16
0.15
0.13
0.13
0.32
0.35

0.22
0.24
0.25
0.24
0.24
0.29
0.32
0.36
0.40
0.43
0.43
0.67
0.69

±
±
±
±
±
±
±
±
±
±
±
±
±

0.01
0.01
0.01
0.01
0.01
0.01
0.02
0.03
0.02
0.02
0.02
0.03
0.03

r2

10 Median AE
1.66
1.73
1.77
1.73
1.74
1.95
2.10
2.29
2.54
2.72
2.72
4.67
4.92

±
±
±
±
±
±
±
±
±
±
±
±
±

0.03
0.05
0.04
0.05
0.05
0.04
0.07
0.17
0.11
0.12
0.12
0.35
0.38

0.82
0.78
0.78
0.78
0.76
0.70
0.65
0.68
0.52
0.53
0.53
0.09
0.00

±
±
±
±
±
±
±
±
±
±
±
±
±

0.02
0.03
0.02
0.02
0.03
0.03
0.03
0.03
0.04
0.03
0.03
0.01
0.00

set, are particularly poor. This observation partially motivates our
subsequent experiments in Sections 4.2 and 4.3, as we need to determine how the models should be improved to cover the deﬁciencies.
Most of the models are unable to give better than average guesses on
the smallest two classes, “Refrigerated warehouse”, and “Enclosed
mall”. This poor performance can possibly be explained by both the
small number of samples for these classes, and the complexity of the
‘features’ that play a role in the determination of the true energy consumption of buildings in these categories. Buildings in the “Refrigerated
warehouse” class, for example, will have expensive cooling equipment
that make up the majority of their power consumption signal. Similarly,
buildings in the “Laboratory” category are likely to have highly
equipment with large energy demands, diminishing the impact of
square footage as the most useful variable. For this reason the Federal
Energy Management Program calculates the energy-savings goals of
laboratories independent of square footage, which is the denominator
of the goals of other building types [40].

4.2. Experiments with extended features
This section involves repeating the experiments described in Section
4.1 while using all of the features available in the CBECS dataset, i.e.
the extended feature set.
In Table 4 we show how the models perform using the extended
feature set, comparable to the results in Table 2. Here we see that the
gradient boosting model again performs the best, with a 0.07 increase in
r 2 over the same model trained using the common feature set. We also
observe that the linear models perform much better, with nearly equal
results to those of the gradient boosting regressors. The large gap in
performance between the linear regression models trained with the
common feature set versus the ones trained with the extended features,
compared to the relatively small gap between the gradient boosting
models, further reinforces that the gradient boosting models should be
used in external applications, where few features are available. This
shows that gradient boosting models are able to combine the signals
present in the common feature set to make predictions with accuracies
that the linear regression models need many extra features to match.
From this table we see that the mean and median absolute errors of the
gradient boosting model also improve with the extended feature set.
Considering the median absolute error, the gradient boosting model
makes predictions within 1.48 multiples of the true MFBTU value. We
discuss which features are most important to the gradient boosting
models in Section 4.3. In Table 5 we show the r 2 of all the models per
building type, similar to Table 3. The gradient boosting model is still
the best performing model in most cases. It is worse for buildings in the
‘Food sales’ and ‘Public order and safety’ classes, where the linear regression model is better. Linear regression models also tie for the best

Fig. 3. Error plots comparing the predicted log of MFBTU values versus the true log values
for the Linear Regression and XGBoost models. These models were trained on 9 out of 10
stratiﬁed splits, then used to predict log MFBTU values for all of the data points.

biased model to create building level predictions, that are then aggregated over some spatial areas (at the zipcode, or county level for
example), any bias in the model’s predictions will be compounded and
will result in less accurate predictions.
Finally, in Table 3 we show the resulting r 2 values for each model
described in Section 3.2 for each diﬀerent class of building in the CBECS
dataset. Consistent with the results observed in Table 2, this table shows
that the gradient boosting model is the best model over all classes of
building, and generally performs better on classes with more training
samples. For some classes of commercial buildings, such as “Service”,
and “Food Service”, the per class predictions, using the common feature
894
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Table 3
Common features, per PBA. Prediction accuracy is broken down by PBA. This table shows the r 2 scores of the predicted values by the top 5 performing models and the Linear Regression
model trained with the common feature set. The values following “ ± ” are the standard deviations of each metric calculated over the 10 cross validation folds.
n

Linear regression

ET regressor

RF regressor

Bagging

MLP regressor

XGBoost

Oﬃce
Education
Nonrefrigerated warehouse
Service
Religious worship
Retail other than mall
Public assembly
Food service
Strip shopping mall
Lodging
Inpatient health care
Outpatient health care
Food sales
Vacant
Other
Nursing
Public order and safety
Laboratory
Refrigerated warehouse
Enclosed mall

1044
580
567
354
322
316
311
306
277
221
215
131
111
101
68
62
60
23
16
14

0.45 ± 0.05
0.37 ± 0.05
0.31 ± 0.07
0.08 ± 0.10
0.12 ± 0.09
0.17 ± 0.11
0.42 ± 0.10
Negative
0.32 ± 0.07
0.40 ± 0.15
negative
0.21 ± 0.24
0.03 ± 0.17
Negative
Negative
0.31 ± 0.27
0.24 ± 0.37
negative
Negative
Negative

0.85 ± 0.03
0.80 ± 0.04
0.55 ± 0.09
0.12 ± 0.25
0.39 ± 0.29
0.69 ± 0.12
0.73 ± 0.06
Negative
0.67 ± 0.11
0.81 ± 0.12
0.81 ± 0.06
0.69 ± 0.24
0.46 ± 0.24
Negative
Negative
0.31 ± 0.79
0.58 ± 0.50
0.54 ± 0.43
Negative
Negative

0.86 ± 0.03
0.80 ± 0.04
0.55 ± 0.11
0.22 ± 0.19
0.45 ± 0.21
0.70 ± 0.11
0.77 ± 0.04
Negative
0.67 ± 0.12
0.79 ± 0.12
0.80 ± 0.07
0.72 ± 0.20
0.45 ± 0.21
Negative
Negative
0.20 ± 1.14
0.58 ± 0.57
0.33 ± 0.55
Negative
Negative

0.86 ± 0.03
0.81 ± 0.04
0.55 ± 0.12
0.25 ± 0.20
0.43 ± 0.27
0.70 ± 0.11
0.77 ± 0.04
Negative
0.67 ± 0.12
0.79 ± 0.11
0.79 ± 0.07
0.72 ± 0.20
0.48 ± 0.19
Negative
Negative
0.21 ± 1.05
0.56 ± 0.56
0.26 ± 0.64
Negative
0.05 ± 0.99

0.84 ± 0.03
0.80 ± 0.04
0.59 ± 0.05
0.31 ± 0.12
0.46 ± 0.09
0.68 ± 0.11
0.75 ± 0.06
0.07 ± 0.08
0.70 ± 0.08
0.77 ± 0.15
0.80 ± 0.07
0.64 ± 0.23
0.45 ± 0.22
0.06 ± 0.48
Negative
0.26 ± 1.01
0.65 ± 0.20
0.11 ± 0.98
Negative
Negative

0.88 ± 0.02
0.84 ± 0.03
0.63 ± 0.06
0.37 ± 0.16
0.57 ± 0.16
0.73 ± 0.11
0.81 ± 0.03
0.20 ± 0.12
0.73 ± 0.09
0.83 ± 0.11
0.81 ± 0.07
0.76 ± 0.16
0.57 ± 0.23
0.17 ± 0.45
0.23 ± 0.79
0.25 ± 1.28
0.69 ± 0.34
0.59 ± 0.52
Negative
0.17 ± 0.31

Total

5099

0.53 ± 0.03

0.76 ± 0.03

0.78 ± 0.02

0.78 ± 0.03

0.78 ± 0.02

0.82 ± 0.02

model in the ‘Nonrefrigerated warehouse’, ‘Religious worship’, ‘Public
assembly’, and ‘Retail other than mall’ categories. With the common
feature set, the gradient boosting model had an overall r 2 of 0.82,
however performed very poorly in some classes of buildings, such as
“Service”, “Food Service”, and “Nursing”. With access to the extended
feature set, the gradient boosting models were able to improve the r 2
scores for these classes of buildings by 0.29,0.5, and 0.53 respectively.
This supports our hypothesis that for some classes of buildings, more
features than those found in the common feature set are needed to reliably predict a building’s energy consumption. Examples might include
behavioral variables reﬂecting how building equipment is utilized,
which has become an increasing focus of energy-eﬃciency initiatives
[41].
In general, these results give a rough upper bound on the ability of
machine learning models to predict energy consumption from simple
survey data. The gradient boosting model is able to achieve a cross
validated r 2 score of 0.89 when ﬁt with the extended feature set of
CBECS features, suggesting that it is able to generalize very well to
unseen data. As we show in the next section, the models trained with
the extended feature set available in CBECS can indicate which features
should be prioritized in any data collection eﬀorts, in order to close the
performance gap between the models trained with the common feature

set.
4.3. Feature importance
We have shown, without much surprise, that the gradient boosting
models will perform better at predicting commercial building energy
consumption when trained with the extended feature set, versus when
trained with the common feature set. The question of ‘which’ features in
the extended feature set are important motivates this experiment, as the
answer to this question can guide future data collection eﬀorts. We
purposely keep our common feature set as simple as possible so that the
trained models will be applicable to a wide range of metropolitan areas
(with the assumption that many cities will be able to get access to these
basic features). The most important features in the extended feature set
that are not in the common set, should be the focus of data collection
eﬀorts, as they will give the largest boost to the models’ predictive
power.
In Table 6 we show the top 10 most important features from the
gradient boosting models trained with the CBECS data using the
common feature set, and the extended feature set. From the most important features in the common feature set, we observe that the square
footage of a commercial building is almost 3 times important as the

Table 4
Extended features. Results of all machine learning models trained/tested with the extended feature set, compared to the XGBoost model results from Table 2. The mean absolute error
(mean AE), median absolute error (median AE), and the r 2 values are calculated in terms of log10 MFBTU values. The 10 Mean AE and 10 Median AE columns show the average number of
multiples away the model’s estimate is from the true value.
Extended features
XGBoost with common features
XGBoost
Linear regression
Ridge regressor
SVR
Bagging
Random forest regressor
Extra trees regressor
Linear SVR
AdaBoost
KNN regressor
MLP regressor
ElasticNet
Lasso

Mean absolute error
0.30
0.23
0.24
0.24
0.25
0.25
0.25
0.25
0.26
0.32
0.37
0.45
0.60
0.79

±
±
±
±
±
±
±
±
±
±
±
±
±
±

0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.02
0.02
0.02

10 Mean AE
1.99
1.69
1.75
1.75
1.79
1.79
1.79
1.79
1.80
2.07
2.34
2.82
4.00
6.17

±
±
±
±
±
±
±
±
±
±
±
±
±
±

0.06
0.02
0.02
0.02
0.04
0.04
0.04
0.04
0.03
0.05
0.06
0.11
0.20
0.35

895

Median absolute error
0.22
0.17
0.19
0.19
0.19
0.18
0.18
0.19
0.20
0.26
0.29
0.36
0.51
0.69

±
±
±
±
±
±
±
±
±
±
±
±
±
±

0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.02
0.02
0.03

r2

10 Median AE
1.66
1.48
1.53
1.53
1.53
1.53
1.53
1.54
1.58
1.80
1.93
2.31
3.26
4.92

±
±
±
±
±
±
±
±
±
±
±
±
±
±

0.03
0.03
0.04
0.04
0.03
0.04
0.04
0.03
0.04
0.05
0.04
0.10
0.16
0.38

0.82
0.89
0.88
0.88
0.87
0.87
0.87
0.87
0.87
0.82
0.75
0.64
0.40
0.00

±
±
±
±
±
±
±
±
±
±
±
±
±
±

0.02
0.01
0.01
0.01
0.01
0.02
0.01
0.01
0.01
0.01
0.02
0.03
0.01
0.00
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Table 5
Extended features, per PBA. Prediction accuracy is broken down by PBA. This table shows the r 2 scores of the predicted values by the top 4 performing models and the Linear Regression
model, trained/tested with the extended feature set, compared to the XGBoost model results from Table 3.
n

Linear regression

RF regressor

Bagging

MLP regressor

XGBoost

XGBoost with common features

Oﬃce
Education
Nonrefrigerated warehouse
Service
Religious worship
Retail other than mall
Public assembly
Food service
Strip shopping mall
Lodging
Inpatient health care
Outpatient health care
Food sales
Vacant
Other
Nursing
Public order and safety
Laboratory
Refrigerated warehouse
Enclosed mall

1044
580
567
354
322
316
311
306
277
221
215
131
111
101
68
62
60
23
16
14

0.90 ± 0.01
0.84 ± 0.03
0.81 ± 0.03
0.65 ± 0.11
0.77 ± 0.07
0.86 ± 0.05
0.89 ± 0.03
0.66 ± 0.07
0.85 ± 0.06
0.85 ± 0.07
0.71 ± 0.12
0.83 ± 0.10
0.74 ± 0.17
0.40 ± 0.19
0.61 ± 0.30
0.71 ± 0.21
0.83 ± 0.12
0.58 ± 0.32
Negative
Negative

0.90 ± 0.02
0.85 ± 0.03
0.77 ± 0.06
0.61 ± 0.12
0.72 ± 0.08
0.81 ± 0.08
0.86 ± 0.04
0.56 ± 0.13
0.87 ± 0.05
0.82 ± 0.11
0.84 ± 0.06
0.82 ± 0.11
0.61 ± 0.24
0.29 ± 0.39
0.52 ± 0.53
0.56 ± 0.72
0.77 ± 0.24
0.16 ± 0.97
Negative
Negative

0.90 ± 0.02
0.85 ± 0.03
0.77 ± 0.06
0.60 ± 0.12
0.72 ± 0.09
0.81 ± 0.08
0.86 ± 0.03
0.56 ± 0.15
0.87 ± 0.04
0.83 ± 0.11
0.84 ± 0.07
0.82 ± 0.11
0.60 ± 0.26
0.23 ± 0.53
0.54 ± 0.49
0.55 ± 0.77
0.78 ± 0.23
0.17 ± 0.94
Negative
Negative

0.66 ± 0.07
0.34 ± 0.16
0.59 ± 0.10
0.14 ± 0.27
0.34 ± 0.35
0.45 ± 0.19
0.60 ± 0.15
Negative
0.21 ± 0.27
0.24 ± 0.27
Negative
0.45 ± 0.29
Negative
Negative
Negative
Negative
Negative
Negative
Negative
Negative

0.91 ± 0.01
0.87 ± 0.02
0.81 ± 0.04
0.66 ± 0.10
0.77 ± 0.09
0.86 ± 0.06
0.89 ± 0.02
0.70 ± 0.09
0.91 ± 0.03
0.87 ± 0.07
0.84 ± 0.08
0.84 ± 0.11
0.68 ± 0.19
0.48 ± 0.20
0.64 ± 0.28
0.78 ± 0.22
0.80 ± 0.21
0.45 ± 0.70
Negative
Negative

0.88 ± 0.02
0.84 ± 0.03
0.63 ± 0.06
0.37 ± 0.16
0.57 ± 0.16
0.73 ± 0.11
0.81 ± 0.03
0.20 ± 0.12
0.73 ± 0.09
0.83 ± 0.11
0.81 ± 0.07
0.76 ± 0.16
0.57 ± 0.23
0.17 ± 0.45
0.23 ± 0.79
0.25 ± 1.28
0.69 ± 0.34
0.59 ± 0.52
Negative
0.17 ± 0.31

Total

5099

0.88 ± 0.01

0.87 ± 0.01

0.87 ± 0.02

0.64 ± 0.03

0.89 ± 0.01

0.82 ± 0.02

samples from the ‘Service’ class of buildings we observe that the most
important feature is ‘Total hours open per week’, instead of ‘Square
footage’. This suggests that for some PBAs, the common feature set does
not contain the correct signals to reproduce the MFBTU targets. This also
suggests that within class consumption diﬀerences are explained by
features that are not necessarily relevant to all classes. For further results on the features that are most important per PBA, see the“Feature
importances” notebook in the accompanying GitHub repository.

next most important feature, and that the number of ﬂoors feature is
relatively unimportant (possibly because it will be indirectly included
in the square footage).
Out of the most important features out of the extended feature set,
we observe that the square footage is still the most important feature,
although the ‘Number of employees’ and ‘Total hours open per week’
are the second and third most important features, both of which are not
present in the common feature set. This idea, that building occupancy is
an important feature, is supported up by a recent study that shows that
occupancy rates of commercial buildings are important to consider in
energy savings measures [42]. The climate related features (“heating
degree days”, “cooling degree days”) are relatively less important. Similarly, other features that have shown to be important to energy
consumption calculations, such as building envelope insulating characteristics [43] (e.g. wall and roof constriction materials), are not included in the model’s top ten important features. We note that the
important variables are determined based on how much they contribute
to the model’s decision, and are not necessarily directly related to the
actual calculation of building energy consumption. This relationship is
illustrated by looking at the most important features for estimated energy consumption within buildings of a given principal building activity. From Table 5 we observed that in the ‘Service’, ‘Religious worship’ ‘Food Service’, ‘Vacant’, ‘Other’, and ‘Nursing’ classes of buildings,
adding all the features increased the r 2 score of the gradient boosting
model by over 0.2 . When we train a gradient boosting regressor on just

4.4. Validation
The CBECS data provides us with a national dataset of commercial
buildings that we can train and test our models with, however this does
not let us make conclusions about the eﬃcacy of the models for predicting energy consumption in a particular metropolitan area. We validate our models by using them to predict the energy consumption
values of buildings in New York City, for which the true consumption
values are known.
We train a gradient boosting model on all of the CBECS data with
the common feature set, then apply that model on the 2,612 commercial buildings from the augmented LL84 dataset and record the same
metrics from previous experiments. This results in a mean absolute
error of 0.25, median absolute error of 0.15, and r 2 value of 0.50 .
Consistent with the interpretation given in Section 4.1, the predicted
energy consumption values have a mean of 1.78 multiples away from

Table 6
Top 10 important features for the XGBoost model trained with all data using both the common and extended feature sets.
Common feature set
Feature name

Feature description

SQFT
CDD65
HDD65
PBA 5
PBA 1
PBA 6
PBA 15
PBA 23
PBA 12
PBA 4

Square footage
Cooling degree days (base 65)
Heating degree days (base 65)
Non-refrigerated warehouse
Vacant
Food sales
Food service
Strip shopping mall
Religious worship
Laboratory

Extended feature set
Importance
0.3634
0.1153
0.1125
0.0569
0.0524
0.0412
0.0384
0.0348
0.0345
0.0282

896

Feature name

Feature description

SQFT
NWKER
WKHRS
ZMFBTU
MONUSE
NGUSED
HDD65
HEATP
CDD65
NWKERC

Square footage
Number of employees
Total hours open per week
Imputed major fuels consumption
Months in use
Natural gas used
Heating degree days (base 65)
Percent heated
Cooling degree days (base 65)
Number of employees category

Importance
0.1391
0.0576
0.0557
0.0312
0.0299
0.0295
0.0293
0.0278
0.0224
0.0221

Applied Energy 208 (2017) 889–904

C. Robinson et al.

Table 7
LL84 Validation. Comparison of the best external model tested on the LL84 dataset (out of sample validation result) to all machine learning models trained and tested on the LL84 dataset.
The ﬁrst row, ‘XGBoost - CBECS’, is the best external model and shows the results from applying the XGBoost model trained on all of the CBECS data, to all of the LL84 data. The remaining
rows show the cross validated results on models trained and tested on the LL84 dataset. All results are shown with models using the common feature set. The mean absolute error (mean
AE), median absolute error (median AE), and the r 2 values are calculated in terms of log10 MFBTU values. The 10 Mean AE and 10 Median AE columns show the average number of multiples
away the model’s estimate is from the true value.
Mean absolute error
XGBoost - CBECS
XGBoost
SVR
Linear SVR
MLP regressor
Linear regression
Ridge regressor
Bagging
Random forest regressor
Extra trees regressor
KNN regressor
AdaBoost
Lasso
ElasticNet

0.24
0.25
0.28
0.28
0.29
0.29
0.29
0.29
0.30
0.30
0.42
0.45
0.45

±
±
±
±
±
±
±
±
±
±
±
±
±

0.25
0.02
0.02
0.02
0.04
0.02
0.02
0.02
0.02
0.03
0.03
0.07
0.01
0.01

Median absolute error

10 Mean AE

1.75
1.77
1.92
1.92
1.96
1.96
1.95
1.95
2.00
2.01
2.67
2.80
2.80

±
±
±
±
±
±
±
±
±
±
±
±
±

1.78
0.09
0.10
0.08
0.17
0.10
0.10
0.09
0.10
0.12
0.15
0.43
0.04
0.04

0.15
0.15
0.17
0.17
0.19
0.19
0.18
0.18
0.18
0.19
0.30
0.33
0.33

±
±
±
±
±
±
±
±
±
±
±
±
±

0.15
0.01
0.01
0.00
0.02
0.01
0.01
0.01
0.02
0.01
0.02
0.04
0.01
0.01

10 Median AE

1.40
1.40
1.50
1.48
1.56
1.56
1.50
1.51
1.51
1.53
2.01
2.13
2.13

±
±
±
±
±
±
±
±
±
±
±
±
±

1.41
0.03
0.03
0.01
0.06
0.05
0.05
0.04
0.05
0.05
0.06
0.20
0.06
0.06

r2
0.51
0.54 ± 0.09
0.51 ± 0.11
0.42 ± 0.05
0.44 ± 0.13
0.44 ± 0.08
0.44 ± 0.08
0.43 ± 0.08
0.43 ± 0.08
0.39 ± 0.09
0.40 ± 0.12
0.14 ± 0.22
Negative
Negative

Commercial energy consumption is generally greater in TAZs immediately adjacent to the I-85 and I-75 highways that cut diagonally
through the city, from southwest to northeast, and southeast to northwest, respectively. The median energy use intensity map shows that,
although TAZs in the “Downtown” and “Midtown” parts of Atlanta
consume more energy, they are more energy eﬃcient on average than
TAZs in the northern Buckhead suburb.Similarly, these maps show
some TAZs in the surrounding suburban cities that have disproportionately high energy consumption compared to their surroundings, indicating locations where energy eﬃciency building retroﬁts should be considered [44]. Our total estimated commercial
energy consumption for Atlanta is 126.62 billion kBTUs/year, which
would make up 0.7% of the total annual commercial energy consumption of the U.S. in 2016 [45].
We note that the city of Atlanta’s new energy benchmarking ordinance for commercial buildings may change this geography of energy
consumption in commercial buildings. It aims to achieve a 20% reduction of energy consumption in Atlanta’s private and City-owned
buildings over 25,000 square feet, by 2030 [46]. If successful, this could
curb the energy consumption peaks shown in the Downtown and
Midtown TAZs.
Predicting the commercial building energy consumption landscape
in Atlanta is just a single example of what our models are capable of
doing. The results illustrate the ability to use our US-wide CBECS-based
commercial building energy consumption models for various kinds of
analysis and scenario evaluations that can inform urban planning and
policy making. Our models can be applied to other metropolitan areas
for which there is building level data available by following the instructions given in our GitHub repository.5

the true value, and a median of 1.41 multiples away from the true value.
These mean and median errors are better than the best values observed
from the CBECS dataset (both in the reduced features, and all features
cases), although the r 2 ﬁt is worse.
We further train and test all the machine learning models on solely
the LL84 dataset using the same methodology as in the ﬁrst two experiments. The results from this test are shown in Table 7. The gradient
boosting model is again the best performing model, however, surprisingly, when the gradient boosting model is trained on the LL84 data, it
only performs slightly better than the model that was trained on the
CBECS data. Speciﬁcally, the gradient boosting model has an r 2 of 0.54
from training on the LL84 data, compared to an r 2 value of 0.51 from
training on the CBECS data. The mean absolute error is 0.01 lower, and
the median absolute error is the same. These results provide strong
evidence that our model trained with the CBECS data is able to be
applied to speciﬁc metropolitan areas while maintaining reasonable
results.
4.5. Atlanta case study
We show how our models can be applied to a large metropolitan
area by creating commercial energy consumption summaries for the 20
county Atlanta metropolitan area. To do this, we applied the CBECStrained gradient boosting regression model to the 73,388 commercial
buildings in Atlanta from the CoStar real estate database.3 We supplement the CoStar data with the 2017 heating and cooling degree day
data from the Oak Ridge Climate models (using the same methodology
we used to create the Augmented LL84 dataset, see A). Fig. 4 shows a
map of the total estimated energy consumption values from all commercial
buildings aggregated at the Transportation Analysis Zone (TAZ) level,
and a map of the median estimated energy use intensity across commercial
buildings in each TAZ.4 Both maps are colored according to quantile
binning with 10 bins. As we show in Fig. 3, the gradient boosting model
does not systematically overestimate or underestimate energy consumption values. Considering this, we expect the modeling errors for
individual building’s energy consumptions to cancel out in the aggregate energy consumption estimates. From the energy consumption
map we observe that the greatest energy consuming TAZs are clustered
in the “Downtown” and “Midtown” parts of Atlanta (in the center of the
mapped area), as well as the suburban cities surrounding Atlanta.

5. Conclusion
We create machine learning models trained on the CBECS dataset
for estimating commercial building energy consumption, analyze feature importance in our models, then validate the models on external
data from New York City, and create commercial building energy
consumption estimates for the Atlanta metropolitan area. An important
aspect of our work involves limiting the information about each
building used by the machine learning models to ﬁve commonly available features, so that our models can be used in a wide range of metropolitan areas without requiring expensive data collection eﬀorts. We
ﬁnd that some of the models are able to perform acceptably well under

3
This dataset is continuously updated, see http://www.costar.com/. The dataset that
we use was downloaded in March of 2017.
4
The energy use intensity of a building is its total energy consumption divided by its
square footage.

5
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https://github.com/SEI-ENERGY/Commercial-Energy.
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Fig. 4. Estimated energy consumption (kBTU/year) of
commercial buildings in Atlanta, aggregated per TAZ (top).
Median estimated energy use intensity of commercial
buildings per TAZ (bottom).

requirements which we show with the results comparing the accuracy
between models using our common feature set and extended feature set.
Using more building level variables when modeling commercial
building energy consumption predictably gives better results, however
will limit the usefulness of the models in metropolitan areas that do not
have access to such detailed data. While we validate the results of our
models trained with “common features” using data from New York City,
and show they give reasonable results, the models will not be able to
capture the energy consumption patterns of buildings that are extremely eﬃcient or ineﬃcient.
Related works in statistical building energy consumption predictions have not been thoroughly explored using more complicated machine learning models, such as gradient boosting regression models (the
best performing model). Our results show that these higher capacity
models are more capable of exploiting a limited number of features to
achieve better performance than possible with general linear models.
Currently, city planners and policy makers will be able to use our
models to create summary commercial energy consumption maps to

this constraint, and the gradient boosting models are able to make
predictions that are on average under 1.78 multiples away from the true
value on the external validation dataset. Although this error is too large
for analyzing the energy consumption of any speciﬁc building, when
the models are used to make predictions for all the buildings in entire
metropolitan areas (where individual prediction errors will cancel out
when aggregated), as we show for Atlanta, they can oﬀer useful insights
into a city’s commercial energy consumption landscape. Furthermore,
our analysis of important features used by the machine learning models
will serve to drive future data collection eﬀorts that could help maximize the accuracy of the models.
Admittedly, our modeling approach has several limitations. One
limitation is that our models can only be used in the United States, as
the CBECS training dataset only provides a validated statistical representation of commercial buildings in the US. When more detailed
commercial building datasets become available in other countries, the
same methodology we use in this paper will be applicable. Another
limitation of our models is the trade-oﬀ between accuracy and data
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future climate scenarios and alternative patterns of urban growth can
be informed by the models developed in this paper. We are interested in
using climate model projections to evaluate how the energy consumption landscapes of diﬀerent cities will change under various climate
scenarios.

assist with future planning, and achieving sustainable development
goals. As more energy consumption data becomes available through
crucial data collection eﬀorts such as New York City’s Local Law 84,
statistical models for estimating building energy consumption will become more powerful, and will be able to give more conﬁdent estimates,
further improving the capability for understanding our urban environments.
Our work has several opportunities for future development that we
are interested in pursuing. One important aspect of machine learning
modeling is model selection. Many of the machine learning models that
we reference in this paper have hyperparameters that can be tuned to
further increase their predictive ability. As maximizing the predictive
performance of any speciﬁc model was not the focus of this paper, we
opted to leave the hyperparameter settings at their default values, and
instead focus on the role of available features in model performance.
We are interested in performing a broad computational study that focuses on maximizing model performance on the task of predicting
building energy consumption. Secondly, we are interested in applying
the models developed in this study to all the commercial buildings in
major metropolitan areas as part of a summary of total metropolitan
energy consumption. Finally, an analysis of the potential impact of

Acknowledgements
We would like to thank Jack Fellows and Deeksha Rastogi from the
Climate Change Science Institute at the Oak Ridge National Laboratory
for providing the ensemble climate model data needed to estimate the
heating and cooling degree day rasters.
All authors were partially supported by the Georgia Tech Strategic
Energy Institute. Robinson and Dilkina were also partially supported by
BCS-1638268 (CRISP: Sustainable and Resilient Design of
Interdependent Water and Energy Systems at the InfrastructureHuman-Resource Nexus) and CCF-1522054 (COMPUSTNET: Expanding
Horizons of Computational Sustainability). Brown and Dilkina were
partially supported by the Georgia Tech Brook Byers Institute for
Sustainable Systems.

Appendix A. Data preprocessing
A.1. Commercial Building Energy Consumption Survey (CBECS)
The procedure we use to preprocess the raw 2012 microdata into the format we use in the study is as follows6:

• Remove rows where the ZMFBTU ﬁeld is not 2 or 9 (i.e. only keep rows where our target value, MFBTU is present).
• Replace values where NFLOORS = 994 with 20. Replace values where NFLOORS = 995 with 30. The 994 value represents 15–25 ﬂoors and the
995 value represent greater than 25 ﬂoors. These choices of values will let algorithmic approaches treat the NFLOORS feature as an integer value.
• Discard all features that start with the letter ‘Z’ (i.e. features that take the form ‘Z ’). These ﬁelds report whether or not another feature is:
‘reported’, ‘imputed’, ‘estimated’, ‘missing’, or ‘inapplicable’, and will not be useful for our models.
• Discard all of the FINALWT columns.
∗∗∗∗∗

Fig. A.5. Number of samples of each class of building (PBA), after
preprocessing, in the CBECS dataset.

6

For code to reproduce this cleaning process, see the GitHub repository at https://github.com/SEI-ENERGY/Commercial-Energy.
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• Discard features (columns) that have over 25% of missing values, then impute remaining missing values per feature, with the most common value
for that feature.
• Perform a one-hot encoding on the PBA feature by removing the original feature, and adding 20 new features, where each feature represents a
particular PBA. For each row of data, the new feature that represents the original PBA value will be set to 1, and the remaining will be set to 0.

This process will result in a data table, X , containing 179 features for each of the 5099 buildings, X ∈ 5099 × 179 , with a single target vector, Y,
representing the MFBTU value for each building, Y ∈ 5099 . This is trimmed down from the original dataset that had 6720 rows and 1119 features.
Each building in X falls into one of 20 diﬀerent classes according to the buildings principal building activity, or PBA. The numbers of building per
PBA can be seen in Fig. A.5. The distribution of the MFBTU values in Y can be seen in Fig. A.6.
A.2. Augmented Local Law 84 dataset (LL84)
We join the latest LL84 dataset from the 2015 calendar year with the latest PLUTO 16v2 dataset, and cooling and heating degree day rasters from
climate model outputs. This process will enable to construct the same common feature set for NYC buildings that we use in the CBECS dataset.
The steps we follow to get the ﬁnal LL84 dataset used in the study are as follows:
1. Each building/tax lot in New York City has a unique identifying number called the Borough, Block, and Lot (BBL) number. We use the BBL ﬁeld

Fig. A.6. MFBTU distributions for: all CBECS data (top), buildings in the “Oﬃce” class (middle), and buildings in the “Food Sales” class (bottom). The top panel shows how the MFBTU
target values follow a log-normal distribution, and therefore, how the log transformation of the MFBTU values will follow a normal distribution.
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Table A.8
Mapping between the LL84 ‘Primary Building Activity’ and the CBECS ‘Principal Building Activity’ ﬁelds. We exclude the “Not Available”,
“Multifamily Housing”, “Manufacturing/Industrial Plant”, “Parking”, and “Mixed Use Property” classes from the LL84 data.
LL84 PBA

Courthouse
Bank branch
Financial oﬃce
Medical oﬃce
Oﬃce
Laboratory
Self-storage facility
Distribution center
Non-refrigerated warehouse
Wholesale club/supercenter
Restaurant
Supermarket/Grocery store
Police station
Other - public services
Urgent care/clinic/other outpatient
Outpatient rehabilitation/physical
therapy
Refrigerated warehouse
Data center
Worship facility
Museum
Other - entertainment/public
assembly
Social/Meeting hall
Fitness center/health club/gym
Senior care community
Library
Movie theater
Lifestyle center
College/University
Adult education
Other - Education
K-12 school
Hospital (General Medical & Surgical)
Other - specialty hospital
Ambulatory surgical center
Residential care facility
Hotel
Other - lodging/residential
Residence hall/dormitory
Strip mall
Other - mall
Enclosed mall
Automobile dealership
Retail store
Other - services
Repair services (vehicle, shoe,
locksmith, etc.)
Personal services (health/beauty, dry
cleaning, etc.)
Performing arts
Other
Other - recreation
Other - utility

Matched CBECS PBA

Oﬃce
Oﬃce
Oﬃce
Oﬃce
Oﬃce
Laboratory
Nonrefrigerated
warehouse
Nonrefrigerated
warehouse
Nonrefrigerated
warehouse
Food sales
Food sales
Food sales
Public order and safety
Public order and safety
Outpatient health care
Outpatient health care

CBECS PBA
code
2
2
2
2
2
4
5
5
5
6
6
6
7
7
8
8

Refrigerated warehouse
Refrigerated warehouse
Religious worship
Public assembly
Public assembly

11
11
12
13
13

Public assembly
Public assembly
Public assembly
Public assembly
Public assembly
Public assembly
Education
Education
Education
Education
Inpatient health care
Inpatient health care
Inpatient health care
Inpatient health care
Lodging
Lodging
Lodging
Strip shopping mall
Enclosed mall
Enclosed mall
Retail other than mall
Retail other than mall
Service
Service

13
13
13
13
13
13
14
14
14
14
16
16
16
16
18
18
18
23
24
24
25
25
26
26

Service

26

Other
Other
Other
Other

91
91
91
91

from both the LL84 and Pluto datasets to perform an inner join on the two datasets.
2. We drop all rows for which any of the following ﬁelds are missing: “Primary Property Type - Self Selected”, “Site EUI (kBtu/ft2)”, “Property GFA Self-reported (ft2)”, or “NumFloors”.
3. We map the “Primary Property Type - Self Selected” ﬁeld to CBECS “Principal Building Activity” ﬁeld according to the custom mapping deﬁned in
Table A.8. Any rows with a “Primary Property Type - Self Selected” value in the LL84 ﬁeld that is not present in Table A.8, such as “Multifamily
Housing”, are dropped from the dataset. We then perform a one-hot encoding of this mapped PBA ﬁeld using the same method used in the CBECS
processing steps.
4. The PLUTO dataset comes with shapeﬁles that have a polygon for each row (MapPLUTO). We calculate the centroid points for each of these
shapes, which lets us associate a latitude/longitude point with each row in the LL84 dataset.
5. We use the latitude/longitude points for each row to lookup the cooling and heating degree day values from rasters derived from an average of 11
climate models run at Oak Ridge National Laboratory. The heating and cooling degree values are calculated from the 2015 average daily
901

Applied Energy 208 (2017) 889–904

C. Robinson et al.

Fig. A.7. Cooling and heating degree day rasters for 2015.

temperature as reported by the climate models, with a temperature of 65 Fahrenheit used as the base value for the degree day calculation. The
rasters are shown in Fig. A.7.
6. For each row, we convert the energy use intensity value, “Site EUI (kBtu/ft2)”, to total energy use by multiplying by the total square footage.
These values are then used as the target values in the LL84 dataset.
The result of this process is a set of 2612 commercial buildings from New York City, each with all features in the common feature set: square
footage, number of ﬂoors, cooling degree days, heating degree days, and PBA, as well as the total energy consumption value.
Appendix B. Extended validation
Here we extend our discussion from Section 4.4 on the validity of our models when applied to speciﬁc metropolitan areas. Speciﬁcally we exam
the errors made by XGBoost model, that was trained on all of the CBECS data, and applied to the Augmented Local Law 84 Dataset. Fig. B.8 shows a
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Fig. B.8. Error plots comparing the predicted log of MFBTU values versus the true log values for the XGBoost model on the LL84 validation dataset.

Fig. B.9. XGBoost model error versus EnergyStar score.

scatter plot of the predicted log10 (MFBTU) values versus the actual values for all points in the LL84 dataset. From this plot we can see that although
the majority of the predicted values are similar to their actual values, there are a handful of points that are badly over- and under-estimated. A
common feature among these bad outlier predictions, is that they all have extreme Energy Star scores. Fig. B.9 shows the model’s error versus the
reported Energy Star score (from the LL84 data), and illustrates that the “mistakes” being made by the XGBoost model can be explained through a
building’s Energy Star score. An Energy Star score is a value between 1 and 100 that is calculated by the EPA based on the most recent CBECS data,
and represents how energy eﬃcient a building is compared to the national average. A score of 50 means that a building is as energy eﬃcient as 50%
of other buildings within its category (based on principal building activity) nationally. Similarly, a score of 99 means that a building is more eﬃcient
than 99% of other buildings within in its category. Our model, which is trained with the common feature set, makes large errors for buildings that fall
on either end of this extreme, over predicting the energy consumption of buildings that are very energy eﬃcient, and under predicting the consumption of buildings that have poor energy eﬃciency. A building’s Energy Star score is calculated using features from the extended feature set, and
considering that all of the models we test perform better when using more features, we believe that these features are able to explain the errors
observed in the LL84 data. We are unable to test this hypothesis however, as the LL84 data does not include the richer set of features used to calculate
the Energy Star scores.
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