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ABSTRACT 

Surrogate modeling is a technique to approximate the 

behavior of complex systems based on a limited set of 

computationally expensive simulations. Such models 

can permit real time optimization of building designs. 

There are many ways to develop the surrogate model 

however, the relative advantages and disadvantages of 
one modeling technique versus another are not well 

understand, so modelers lack a criteria for selecting 

amongst approaches.  The objective of this paper is to 

compare the accuracy and computation time of multiple 

methods. This paper also explores the choice of design 
variables and parameter combinations to estimate the 

building energy consumption when climate is one of the 

variables. The results of this analysis will contribute to 

selecting a regression technique that limits errors 

relative to a detailed simulation.  

INTRODUCTION 

The building sector remains a significant driver of 

energy usage in the developed and developing world, 

accounting for as much as 40% of the total energy 
consumption in the United States and exceeding that of 

any other individual sector (U.S. Department of Energy, 

2011). Prior to developing measures to reduce building 

energy consumption, we must first understand the 

factors that contribute to building energy consumption 
and how they interact with each other.  

Building energy modeling and simulation are tools to 

understand the primary factors of energy use within a 

building.  A building energy model can be an 

informative design tool if leveraged early in the design 

process, when it is possible to make large-scale 
changes. It would be helpful to compare the energy 

consumption and costs of multiple design options, such 

as different facade and HVAC system choices. 

However, the high degree of uncertainty and flexibility 

during early design phases requires near-immediate 
results in order to keep pace with building design 

changes.  

This research aims to bolster energy modeling as an 

instructive design tool by reducing the computational 

cost of performing a single annual energy calculation 

through a simplified model called a surrogate model, 
also known as an emulator or meta-model. Such a 

model allows immediate feedback to the design team on 

the energy performance of a single building design. 

More importantly, a faster computational model allows 

use of multi-objective design optimization routines, 

used in other engineering applications, to efficiently 
explore the design space for the set of optimal designs, 

which may require hundreds or thousands of 

simulations. An annual energy simulation for a simple 

building may take on the order of several minutes to 

complete, but the time increases dramatically for more 

design variables and complex building geometries. 
Though the simplified model may be less accurate in 

predicting the actual energy consumption than a 

detailed simulation, the model can assist in selecting 

energy efficient design strategies early in the design 

process, which can be validated with a detailed energy 

model later on. 

Surrogate modeling is a statistical technique to 

approximate the behavior of complex multivariable 

systems based on a limited set of computationally 

expensive simulations. This model can then be used to 

quickly estimate the system behavior for different 

combinations of input variables in lieu of additional 
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simulations (Forrester et al. 2008). This technique is 

widely used in engineering design and there are some 

examples of use for building design optimization 
(Machairas et al 2014, Nguyen et al. 2014, Magnier et 

al. 2010).   

This paper makes three key contributions towards the 

use of surrogate models for building energy simulation. 

First, we compare several common surrogate model 

regression techniques to each other and relative to a 
detailed simulation in terms of accuracy and time. 

These are the most important considerations when 

selecting a regression technique for a surrogate model. 

Second, we explore the choice of modeling parameters 

and their formulation, either as independent parameters 

or in combination. Thirdly, weather is included as a 
surrogate model input parameter, which would allow a 

single surrogate model to be used for multiple climates, 

or to model the impact of climate change at given 

location, which has not been attempted to date.  

METHODOLOGY 

Building a Surrogate Model 

In general the steps to build a surrogate model are 1) 

build a detailed simulation model 2) generate a library 
of results over the design space 3) fit the results to a 

statistical function and 4) test model performance.  

EnergyPlus v. 8.4.0 was selected as the detailed 

simulation for this analysis. EnergyPlus is a whole 

building energy simulation program developed and 

funded by the U.S. Department of Energy Building 
Technologies Office and is the industry standard 

building energy simulation platform. This analysis 

considers the annual facility total, heating and cooling 

energy consumptions. 

The surrogate model building process typically includes 

three data sets: training, validation, and testing. The 
training data set contains data used to set the regression 

parameters for the surrogate model. The validation set 

is a subset of the training data set and is used to select 

the surrogate model parameters that result in the lowest 

error. The test data set is used to objectively evaluate 

the accuracy of the surrogate model and is drawn 
independently of the training data set.  

The MATLAB implementation of the Latin hypercube, 

which is a space-filing sampling method, lhsdesign in 

the Statistics and Machine Learning Toolbox, was used 

to generate ten data sets with 50 design iterations each. 

In order to account for the error associated with 
arbitrarily assigning an individual data set as the 

training or test data set, a method called bootstrapping, 

or sampling without replacement was used where each 

of the ten data sets represents a bootstrap sample. 

Before fitting a surrogate model, one of the ten data sets 

was randomly drawn as the training data set and a 

second was drawn as the test data set. This training and 

test data set combination was run in EnergyPlus to 
calculate the simulated energy consumption for each 

design iteration within the two data sets. The results for 

the training data set were used to form a surrogate 

model, which was then used to predict the energy 

consumption for the test data set. The surrogate model 

accuracy was determined by calculating the coefficient 
of variation (CV), which is defined as the ratio of the 

standard deviation to the mean. In order to obtain a 

robust generalization of the error, the CV was 

calculated for 80 bootstrap samples, or 80 combinations 

of training and test data sets. 

Regression Techniques 

There are many approaches to fitting the detailed 

simulation to a statistical function, such as those 

explored in this paper. However, the relative 

advantages of one surrogate modeling technique versus 

another are not well understood. As a result, when 

building a surrogate model, modelers lack a criteria for 
selecting one approach over another. There are two 

examples in the literature where multiple regression 

techniques were compared specifically for building 

energy (Tseranidis 2015, Tian et al. 2015).  Tseranidis 

develops surrogate models from multiple regression 

techniques from EnergyPlus simulations, but the design 
variables were related to the structural design and 

changes in energy performance are due to changes in 

the building geometry. One case study compared the 

effect of climate, but a separate surrogate model was 

developed for each climate. Tian et al. developed 

surrogate models from multiple regression techniques 
based on empirical data from 114 buildings in 

Philadelphia, PA and 30 buildings in Atlanta, GA with 

input variables including building envelope design 

parameters. This paper expands on this existing body of 

work by developing surrogate models using multiple 

regression techniques, including some not explored in 
previous literature from EnergyPlus simulations with 

input variables including common envelope and HVAC 

design parameters.  

Multivariate Linear Regression 

This regression expresses the response variable as a 

linear combination of predictor variables. The 
MATLAB implementation mvregress in the Statistics 

and Machine Learning Toolbox was used. 

Radial Basis Functions 

Radial basis functions (RBF) are a method to 

approximate multivariate functions through a linear 

combination of terms based on a single univariate 
function i.e. the radial basis function. The generic form 

of an RBF solution is:  
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𝑠(𝑥) = ∑ 𝑤𝑖 𝜓(‖𝒙 − 𝒄𝒊‖)

𝑁

𝑖=1

(1) 

where 𝑤𝑖  is the weight of center 𝒄𝑖, 𝜓 is the basis

function and ‖𝒙 − 𝒄𝒊‖ is the Euclidean distance

between the prediction site 𝒙 and the basis function 

center at 𝒄𝒊. This paper explores surrogate model

performance through four commonly used basis 

functions. The MATLAB implementation of the weight 
function approximation and surrogate model prediction 

is in (Forrester 2008).Table 1 summarizes the basis 

functions explored in this paper.  

Table 1 Summary of Radial Basis Function Forms 

FORM 𝝍(𝒓) = TYPE 

Linear 𝑟 Fixed 

Cubic 𝑟3 Fixed 

Thin Plate Spline 𝑟2 ln𝑟 Fixed 

Multiquadratic (𝑟2 + 𝜎2)1 2⁄ Parametric 

Kriging 

The Kriging methodology is similar to a RBF except 

the basis function is of the form:  

𝜓(𝑟) = exp (− ∑ 𝜃𝑗 𝑟𝑝𝑗

𝑘

𝑗=1

) (2) 

where 𝜃𝑗  is the Kriging basis and 𝑝𝑗 is the Kriging

exponent, the width of each can vary for each of the k 
variables. The MATLAB implementation of the weight 

function approximation and surrogate model prediction 

is in (Forrester 2008). 

Random Forests 

Random forests are an extension of classification and 

regression trees (CART), which are a type of model that 
sequentially divides data into tree-like structures. The 

training algorithm grows a specified number of trees 

and uses an average rule to make a prediction for the 

output of all the trees. The MATLAB implementation 

of random forests is through the TreeBagger class in the 

Statistics and Machine Learning Toolbox.  

Case Study – Midrise Apartment Building 

The energy models used in this analysis were based on 

the U.S. Department of Energy commercial reference 

building model of a newly constructed midrise 

apartment as developed by the National Renewable 

Energy Laboratory (NREL) (Deru et al. 2011). Figure 1 
shows a visualization of the NREL midrise apartment 

building energy model in the OpenStudio Plug-in for 

SketchUp 2015 by Trimble. The modeled building is 

3,135 m2 with an aspect ratio of 2.7 (east-west over 

north-south length) and is four stories high. Each floor 

is subdivided into 8 thermal zones, each representing a 
single apartment.  

The fabric and equipment parameters were set from 

ASHRAE Standards 90.1-2004 – Energy Standard for 

Buildings Except Low-Rise Residential Buildings, 

Standard 62.1-2004(2004b) – Ventilation for 

Acceptable Indoor Air Quality, which were the 
contemporary standards at the time the energy models 

were developed. The ASHRAE 90.1 baseline HVAC 

equipment types for a midrise apartment were a gas 

furnace for heating and a package air conditioning unit-

split system (PACU-ss) for cooling.  

Figure 1 Visualization of midrise apartment building 

energy model 

For this analysis, the values of ten energy model inputs 

were allowed to vary in order to define a design space 

for the surrogate model. These variables have 
significant influence on the total energy consumption 

and represent common design parameters for new 

construction or retrofit. A range of values representing 

poor and exceptional performance were selected for 

each design variable as summarized in Table 2. All 

other model inputs are unchanged from the newly 
constructed midrise apartment building energy model 

published by NREL.   

An additional variable in this analysis was climate, as 

represented by the 5 year average number of heating 

degree days (HDD) for a base temperature of 65.°F. 

This study evaluates the ability to generalize the 
surrogate model for locations within ASHREAE 

climate zones (CZ) 4A-7A, which represent heating 

dominated climates. Unlike the other design variables, 

the Latin hypercube generated value for HDD could not 

be used directly because the simulation is restricted to 

real weather files. Instead, the Latin hypercube sample 
was queried against a list of 29 locations, spanning 

from Raleigh, NC to Duluth, MN and within CZ 4A-

7A, and the weather file with the closest number of 

HDD to the Latin hypercube sample was used in the 

EnergyPlus simulation. The year average HDD for each 

location was calculated from the 30 year typical 
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meteorological year weather file for each location on 

DegreeDays.net.  

Table 2 Summary of Design Variables and Ranges 

DESIGN VARIABLE UNITS MIN MAX 

U-Window [W/m2K] 1 7 

SHGC [%/%] 0.2 0.8 

U-Wall [W/m2K] 0.32 1.96 

U-Roof [W/m2K] 0.32 1.96 

ACH [ACH] 0.5 2.0 

H [%] 80 95 

C [COP] 2.0 4.0 

WWR [%] 20 80 

O [degree] 0 360 

L [W/m2] 5 15 

HDD Hours 3,000 10,000 

 

Variable Transformation 

Generally surrogate model regression techniques 
assume the input variables are independent of each 

other with respect to the energy consumption, however 

we do not expect that to be the case with all of the 

design variables presented in Table 2. Based on first 

principles, the heat flux through the windows, wall, and 

roof surfaces should be dependent on the area of that 
surface and the temperature difference. The multi-

dimensional energy balance gives: 

∫ 𝜙𝑞 𝑑𝑆 = −𝑈𝐴 ∫ ∆𝑇𝑑𝑡 
(3) 

Where 𝜙𝑞 is the annual heat flow per area integrated 

over a surface 𝑆, 𝑈𝐴 is the product of the surface U-

Factor and area, and ∆𝑇 is the temperature differential 

integrated over time. The integral of ∆𝑇 is analogous to 

the definition of heating degree days, which assumes a 

constant base temperature.  

Similarly, the heat loss due to infiltration is a product of 

the infiltration rate and the temperature differential, 

which is analogous to the heating degree days.  

Table 4 lists the variable transformations evaluated in 

this study. The surrogate model accuracy was compared 

for models which assume that all variables are 
independent (untransformed) or a model where 

variables are allowed to have interdependence 

(transformed). In the transformed model, U-Window, 

U-Wall, U-Roof, ACH are combined into U-Window*, 

U-Wall*, U-Roof*, and ACH* as listed in Table 4. All 

other variables, H, C, O, and L remain independent.  

RESULTS  

Design Variable Study 

Before developing the surrogate model, the selected 

design variables were screened to understand their 

influence on the building energy consumption. The 

Pearson correlation coefficient is a measure of linear 
correlation between two variables X and Y and takes 

the form: 

∑(𝑥𝑖 − �̅�)(𝑦𝑖 − 𝑦)

√∑(𝑥𝑖 − �̅�)2(𝑦𝑖 − 𝑦)2
 (4) 

where (𝑥𝑖 , 𝑦𝑖 ) are data pairs and �̅� and 𝑦 are the mean 
value. Table 5 shows the correlation coefficient for 

each design variable in Table 2 with respect to the 

annual total, heating, and cooling energy consumption.  

Table 4 Summary of Variable Transformations 

SYMBOL VARIABLE TRANSFORMATION 

U-Window* U-Window * WWR * HDD 

U-Wall* U-Wall * (1-WWR) * HDD 

U-Roof* U-Roof * HDD  

ACH* ACH * HDD 

Table 5 Correlation of Design Variables to Energy 

Consumption   

DESIGN 

VARIABLE 

CORRELATION COEFFICIENT 

TOTAL  HEATING  COOLING  

U-Window 0.267 0.284 -0.297 

SHGC -0.086 -0.168 0.314 

U-Wall 0.160 0.128 0.020 

U-Roof 0.361 0.335 -0.045 

ACH 0.453 0.430 0.004 

H -0.089 -0.070 -0.033 

C 0.071 0.124 -0.421 

WWR -0.038 -0.074 0.228 

O 0.002 -0.023 -0.063 

L 0.183 0.080 0.035 

HDD 0.636 0.669 -0.717 

U-Window* 0.499 0.503 -0.402 

U-Wall* 0.411 0.421 -0.395 

U-Roof* 0.662 0.660 -0.420 

ACH* 0.895 0.892 -0.499 
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The correlation coefficient takes values between -1 and 

+1, were -1 represents total negative correlation and +1 

represents total positive correlation. A value of 0 means 
there is no correlation. 

Surrogate Model 

In subsequent graphs, abbreviations for the surrogate 

model regression techniques are presented in Table 6.  
 

Table 6 Key of Regression Techniques for Graphs 
 

REGRESSION TECHNIQUE KEY 

Multivariate Linear MVR 

Linear RBF RBF1 

Cubic RBF RBF2 

Thin Plate Spline RBF RBF3 

Multiquadratic RBF RBF4 

Kriging K 

Random Forests RF 

 

Computation Time 

Figure 2 compares the computation time associated 

with estimating the surrogate model parameters for 

several regression techniques. The training data set for 

each of the surrogate models contained 50 samples. 

 

Figure 2 Comparison of surrogate model parameter 

estimation time 
 

The Kriging function takes several orders of magnitude 
longer to develop than other regression techniques.   

Figure 3 compares the computation time associated 

with predicting the annual energy consumption of a 

single sample using a detailed energy plus simulation or 

one of the surrogate models.  

For the NREL midrise apartment building energy 

model, each iteration took approximately 2 minutes to 

complete an annual simulation. In contrast, the 
prediction time for any of the surrogate model 

techniques analyzed was a fraction of a second. 

 

Figure 3 Computation of model prediction using 
detailed simulation or surrogate model 

 

Accuracy 

Figure 4 shows the distribution of the coefficient of 

variation (CV) between the predicted and simulated 

value of total energy consumption with untransformed 

design variables. Several regression techniques stand 
out as having lower CV: multivariate linear regression, 

linear RBF, multiquadratic RBF, and Kriging.  

 

Figure 4 CV between predicted and simulated value of 
total energy consumption for all regression techniques 

 

Figure 5 is a representative plot of the predicted versus 

the simulated total energy consumption for multiple 

regression techniques for a single combination of 

training and test data over the design space defined in 

Table 2 for the regression techniques with low CV. 
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Figure 5 Predicted versus simulated total energy 
consumption for surrogate model with untransformed 

design variables 

The solid black line represents the “ideal” case; that is 

the surrogate model prediction exactly matches the 

simulated result. The dashed lines represent plus and 
minus 25% of the simulated total energy consumption, 

and are included for reference. 

Figure 6 shows the distribution of CV between 

predicted and simulated value of total, heating, and 

cooling energy consumption for the four best regression 

techniques for multiple cities. In all cases the surrogate 
model is most accurate for predicting the total energy 

consumption and least accurate for predicting the 

cooling energy consumption. Subsequent results will 

focus on heating energy consumption. 

Figure 7 shows the distribution of CV between the 

predicted and simulated value for the heating energy 
consumption for the four best regression techniques for 

the multi-city surrogate model and for surrogate models 

of three individual cities, Raleigh, NC, Boston, MA, 

and Duluth, MN which represent the extreme and 

median cases of heating degree days within the mult-

city model. The results show that for all regression 
techniques, the multi-city model is less accurate. The 

accuracy of the surrogate model for a single city is also 

not dependent on the city as the models for Boston, 

Raleigh, and Duluth have similar distributions for the 

CV. While Kriging is highly accurate for a single city, 

is not the most accurate for predicting heating 
consumption across multiple cities.  

Figure 8 shows the distribution of CV between the 

predicted and simulated value for heating for four 

regression techniques for a multi-city surrogate model 

with the variable transformations described in Table 4.  

The results show that variable transformations based on 
first principles improves the accuracy of two model 

types: multivariate linear and linear RBF, such that the 

transformed multi-city model has a similar accuracy to 

a single city model of the same regression technique. 

However the variable transformations did not change 
the accuracy of a multiqudratic RBF and actually 

reduced the accuracy of Kriging. In both of these cases, 

the assumption that all design variables are independent 

results in a more accurate surrogate model. 

Tradeoff 

Figure 9 shows the mean CV with respect to the 
surrogate model parameter estimation time. The plot 

demonstrates a tradeoff between surrogate model 

parameter estimation time and the model accuracy. 

Though the Kriging model is more computationally 

expensive to develop, it is on average as accurate as 

faster regression techniques like multivariate linear, 
linear RBF, and multiquadratic RBF.  

 

Figure 6 CV between predicted and simulated value of 

energy consumption for four regression techniques for 
multi cities 

DISCUSSION 

The results of this analysis demonstrate that in general, 

surrogate models are more computationally efficient 

than a detailed EnergyPlus simulation and can result in 

reasonably accurate predictions. The choice of 

regression technique has a significant impact on the 

surrogate model accuracy and the computation time 
required for parameter estimation.  Even still, the time 

© 2016 ASHRAE (www.ashrae.org). For personal use only. Additional reproduction, distribution, 
or transmission in either print or digital form is not permitted without ASHRAE's prior written permission.

332



to develop a surrogate model is largely dominated by 

detailed simulations of the training data set.  

Figure 7 CV between predicted and simulated value of 
energy consumption for four regression techniques 

Figure 8 CV between predicted and simulated value of 

untransformed design variables for multi-climate 

surrogate models 

Figure 9 Tradeoff between surrogate model parameter 

estimation time and accuracy  

Surrogate models built from Kriging and the 
multiquadratic radial basis function (RBF4) had the 

smallest average coefficient of variation when modeling 

a single climate. Fundamentally the Kriging function is 

highly flexible because the value of 𝜃 and the p-
exponent can vary. This allows the surrogate model to 

respond to multiple variables with different 

relationships to the output function. Similarly, the 

parametric RBF functions also afford some flexibility 

because the value of 𝜎 can vary, but this value is the 
same for all variables within the surrogate model.  

The surrogate models developed in this paper include 

the heating degree days as a design variable input, in 

order to generalize the surrogate model for multiple 
locations. Though the resulting model is less accurate 

than that for a single city, the multi-city model can 

predict the energy consumption within 25% of a 

detailed simulation, and is five orders of magnitude 

faster to compute than a detailed simulation. The 
models were most accurate for predicting the total 

energy consumption versus heating or cooling energy 

consumption. Looking at the total energy consumption 

aggregates the effects of different variables on various 

energy end uses.  

Variable transformations to account for variable 
interdependence does improve the correlation 

coefficient of design variables to the energy 

consumption, but has mixed results in improving 

surrogate model accuracy. For multiple climates the 

most accurate surrogate model was Multivariate Linear 

using transformed variables. 
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CONCLUSIONS 

This paper shows that a surrogate model for a building 

can be highly accurate for a range of locations with 

varying climates. These models are generally five 

orders of magnitude faster at predicting the energy 

consumption than a detailed EnergyPlus simulation, 
which makes design optimization and immediate 

feedback possible in building design. In this paper, only 

a single climate variable, heating degree days, was 

included in the model. Future work will explore other 

parameters that can describe weather including cooling 

degree days, humidity levels and solar radiation. Even 
further, we plan to expand the surrogate model for 

multiple building types and include variables for 

building size and shape into the surrogate model.  

NOMENCLATURE 

𝑠(𝑥) Radial basis function prediction solution 

𝑤𝑖 Radial basis function weight 

𝒄𝑖 Basis function centers 

𝒙 Prediction site 

𝑟 ‖𝒙 − 𝒄𝒊‖ normalized prediction site

𝜎 Parametric radial basis function parameter 

𝜃 Kriging basis  

𝑝 Kriging exponent 

𝜙𝑞 Annual heat flower per unit area 

𝑑𝑆 Surface differential 

𝑈 Surface U-Factor 

𝐴 Surface area 

∆𝑇 Temperature difference 

𝑑𝑡 Time differential 

(𝑥𝑖 , 𝑦𝑖 ) Data pairs

�̅� Mean value 
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