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ABSTRACT 
This study compares the effectiveness of Gaussian 
Process (GP) models to three-parameter cooling change 
point (3PC) models for establishing baseline energy 
usage models in industrial facilities using utility bill 
data. Several different methods of creating baseline 
models for commercial and residential buildings have 
been developed; however, few attempts have been 
made to create baseline energy models in industrial 
facilities. Industrial facilities account for 33% of annual 
energy usage within the United States, so industrial 
energy usage needs to be analyzed in order to identify 
energy saving opportunities. Creating a baseline energy 
model is important to understanding an industrial 
facility’s energy usage.  An analysis of the 
effectiveness of using GP regression to develop a 
baseline energy usage models in industrial facilities 
from utility bill data and ambient outdoor dry bulb 
temperature is presented.  Two case studies are 
presented: using utility bill data and average monthly 
temperatures to create a GP regression model and 3PC 
model. In both cases the baseline regression models 
gave a CV-RMSE of 15% or lower and NMBE of 5% 
or lower showing that either a GP regression model or 
3PC model using utility bill data is capable of 
producing acceptable baseline energy models by 
ASHRAE Guidelines. In both cases GP regression 
models had slightly lower CV-RMSE values than 3PC 
models.   

INTRODUCTION 
The ever-growing dependence on non-renewable 
energy sources and increase in carbon-dioxide levels, as 
well as the development, implementation, and 
application of renewable energy sources is a developing 
concern to many populations. Thus, it has become 
extremely important and relevant to understand energy 
usage and to increase the end-use energy efficiency of 
existing residential and commercial buildings and 
especially in industrial facilities. Since industrial 

facilities account for 33% of the annual energy usage 
within the United States (EIA 2015), and increasing 
industrial buildings’ energy efficiency by at least 20% 
over the next 10 years is the primary goal of the US 
Department of Energy’s “Better Buildings, Better 
Plants Program” (DOE 2015), understanding energy 
usage in industrial facilities has become extremely 
important. The U.S. House Committee on 
Appropriation stated that “Energy costs are a major 
contributor to manufacturing costs and technology 
innovations that steeply reduce energy consumption in 
industrial and manufacturing processes can give 
American manufacturers competitive advantages in the 
global marketplace”(U.S. House 2012). Improvining 
industrial efficiency has become a concern throughout 
the world (Rossiter and Jones 2015, Brueske and 
Sabouni 2014)   Industrial facilities need to be analyzed 
to understand energy usage within the facility and to 
identify energy saving opportunities to not only reduce 
energy usage but to help U.S facilities be competitive 
on the global market, therefore developing suitable 
baseline energy models is essential to understanding 
current energy use and exploring energy-saving 
alternatives.  
The objective of this investigation is to compare the 
effectiveness of Gaussian process (GP) regression 
models to 3 parameter cooling (3PC) change-point 
models, using monthly energy usage and average 
monthly ambient outside air temperatures, for 
establishing baseline energy consumption models for 
industrial manufacturing facilities. Extensive research 
using regression analysis or calibrated building 
simulations has been performed in order to create 
baseline energy consumption models for residential 
buildings and commercial institutions (Fels 1986, Rabl 
et al. 1992, Heo et al. 2013, Srivastav et al. 2013, 
Zhang 2013 et al., Zhang 2015 et al.). However, few 
attempts have been made to discuss the applicability of 
these methodologies to generate baseline energy 
consumption models for industrial manufacturing 
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facilities (Kissock and Seryak 2004; Sever et al. 2011; 
Kissock and Eger 2008). For developing baseline 
energy models in industrial facilities only three-
parameter multivariate change-point models 3PC-MVR 
models have been analyzed and no comparison between 
other data-driven methods has been considered. It 
follows that there is a need in the established literature 
to compare different data-driven (inverse) modeling 
methodologies (i.e., GP Regression, Artificial Neural 
Networks, degree day, etc.) and to determine the best 
and most appropriate model to use for creating baseline 
energy consumption models of industrial manufacturing 
facilities. Without appropriate baseline methodologies, 
or with poor model fits, baseline energy models have no 
predictive ability or relevant applications to the energy 
consumption behavior of an industrial manufacturing 
facility. 

INDUSTRIAL FACILITIES DESCRIPTION 
In most cases, industrial facilities are considered to be 
buildings or facilities that are not designated residential 
or commercial buildings. This study only considers 
industrial facilities that are small or medium sized 
manufacturing facilities (e.g., foundries, automotive 
plants, printing facilities, etc.) and not laboratory or 
data processing facilities. Since most industrial 
facilities do not have sub-metering of individual sub-
energy systems and/or components (e.g., air 
conditioning, lighting, processing equipment, etc.), the 
only source of facility energy usage commonly 
available is the monthly utility bills. Sonderegger 
(1998) shows that accurate baseline energy models can 
be created using utility data provided by a facilities 
utility provider. Typically, the highest energy 
consumption in a manufacturing facility is related to 
manufacturing processes, followed by the heating, 
ventilation, and air-conditioning (HVAC) system 
(Galitsky 2008). For example, in an automobile 
assembly facility the HVAC system can account for up 
to 36% of electricity consumption (Galitsky 2008). 
Therefore, the combined energy demand of the 
production and HVAC systems largely determines the 
total energy cost. Even facilities that are not 
conditioned year round will have equipment that is 
temperature dependent (e.g., chillers for process 
cooling, cooling towers for foundries, etc.) and be 
major energy consumers in the facility. Therefore, a 
baseline energy model using temperatures (i.e., ambient 
outside dry bulb temperatures) as the dependent 
variable can be very useful in industrial facilities, which 
is the most common case in commercial buildings for 
the measurement and verification (M&V) in practice.   
In order to understand the energy consuming behavior 
of any building or facility, a baseline energy model 

must be established. Baseline energy models are created 
to provide a reference on energy usage for future 
prediction or energy management. While baseline 
energy models are generally used for determining 
energy savings after implementing energy conservation 
measures (ECMs), a baseline energy model provides 
other useful data as well. Baseline energy models can 
be used to identify energy saving in retrofit projects, 
help characterize end-user consumption, and estimate 
the savings potentials of those proposed projects, and 
calculate actual energy savings of retrofit projects after 
implementations. In industrial facilities, a baseline 
energy model also shows if energy is mostly being used 
for production or other applications (e.g., facility 
lighting, heating and cooling, etc.). With such 
knowledge industrial facility energy managers are 
better able to determine the best ways to reduce energy 
consumption in their facility. Thus, it will reduce 
overall manufacturing cost, which will make products 
more competitive.  

LITERATURE REVIEW 
Baseline energy methods presented in the established 
literature are separated by two commonly used basic 
ideas: forward models, and inverse models (ASHRAE 
2013). Forward models, like calibrated whole building 
simulations, are intended to solve the “forward 
problem.” That is, forward models are better suited for 
designers concerned with calculating the peak and 
average loads on a building based on the design inputs. 
However, the inverse model, like data-driven regression 
analysis (i.e. 3PC, 3PH, and variable based degree day 
models, etc.), may alternatively be used to solve the 
“inverse problem”. That is, one can learn about the 
building or facility characteristics by determining a 
baseline energy consumption model based on observed 
and/or measured energy use, obtained from utility bills 
and/or any energy management system. In industrial 
facilities a baseline regression model can also 
disaggregate the total usage into production-dependent 
energy usage, weather-dependent energy usage, and 
independent weather usage. Further information and 
literature on inverse modeling is available in the 
ASHRAE fundamental handbook (ASHRAE 2013). 
While both residential and commercial buildings have 
been extensively analyzed (Fels 1986, Rabl et al. 1992, 
Heo et al. 2012, Heo et al. 2013, Srivastav et al. 2013, 
Zhang 2013 et al., Zhang 2015 et al.), industrial 
buildings have enjoyed minimal investigations (Kissock 
2004; Sever 2011; Kissock 2008).  
Change-point regression models have been used to 
understand energy usage in industrial facilities (Kissock 
2004) and to measure energy saving in industrial 
facilities (Sever 2011; Kissock 2008). Kissock and 
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Seryak (Kissock 2004) used a three-parameter 
multivariate cooling model (3PC-MVR) analysis to 
break down energy use between production-dependent, 
weather-dependent, weather-independent, and 
production-independent. They were able to predict 
plant-wide natural gas use with a CV-RMSE of less 
than 6%. Sever et al.  (2011) used change point models 
to measure energy saving in industrial facilities by 
developing a pre-retrofit 3PC-MVR model and a post-
retrofit 3PC-MVR using actual weather data. The 
energy savings was then computed using typical 
meteorological year data (DOE 2013) and comparing 
the total energy usage generated by the pre-retrofit 
model to the energy usage of the post retro-fit model. 
Kissock and Eger (2008) broke down energy savings in 
industrial facilities using a 3PC-MVR. 

METHODOLOGY 
This section describes the methodology of a GP model, 
3PC change-point models, and the measurements of 
goodness to determine a good model fit.  

Gaussian Process Regression 
 (GP) regression is a statistical model that has recently 
gained interest in baseline energy modeling due to its 
ability to capture non-linearity with more simplicity 
than Bayesian models or artificial neural-networks (Heo 
et al. 2012, Heo et al. 2013, Srivastav et al. 2013, 
Zhang 2015 et al.). Compared to typical regression 
analysis such as change-point, which has a 
predetermined relationship between the dependent 
variable and independent variables, a GP model is a 
non-linear model that relates the dependent variables y 
to the independent variables x through a covariance 
matrix and a mean function. For detailed information 
on GP modeling the reader is referred to Heo et al. 
(2012) and Rasmussen and Williams(2006).    
A GP model is fully defined by its mean function μ(x) 
and covariance matrix V(X,X,η). In this study the mean 
function on the prior is considered to be zero while the 
covariance matrix chosen is the stationary squared 
exponential as defined in Equation 1. η1 and η2 are 
hyperparameters that determine the height or precision 
of the GP model and the length scale which determines 
the strength of the relationship between the independent 
data points, respectively. In Equation 1, the x variable is 
the independent variable which is the ambient air dry 
bulb temperature in this study. The most important part 
of GP modeling is determination of the 
hyperparameters in Equation 1. To determine the 
hyperparameters, training data is used to maximize the 
log-likelihood function as defined in Equation 2. In 
Equation 2, y is the monthly energy usage while m(X) is 
the mean function.  
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After the hyperparameters  are determined by 
maximizing Equation 2, using an algorithm described in 
Ramussen and Williams (2006), the new mean function 
,μtest, of the test data Xtest is calculated using Equation 3, 
while the covariance matrix ,Vtest, of the test data Xtest, 
is calculated using Equation 4. In Equation 3 and 
Equation 4 η* is the hyperparameters values determined 
from the training data.  
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(4) 

Three-Parameter Cooling (3PC) Models 
As suggested by the name, the three-parameter cooling 
change-point model (3PC) employs three regression 
parameters: the constant weather-independent energy 
consumption, the weather-dependent cooling or heating 
slope, and the cooling or heating balance or change-
point temperature. Typically, 3PC models display 
electrical energy use utilized for cooling and other 
electrical end users. Many published resources have 
presented the validity of the three-parameter cooling 
and three-parameter heating models when evaluating 
the baseline energy consumption in residential, 
commercial and some industrial settings. In fact, Sever 
et al. (2011) suggested that the weather dependence of 
energy consumption may be accurately described by 
three-parameter change-point models for most 
industrial facilities. Figure 1 shows the graphical 
representation of the 3PC change-point model. In 
Figure 1, β1 is the constant weather-independent 
variable and β2 is the weather-dependent slope term. 
Tb,c is the temperature change-point. 
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Figure 1. Three-Parameter Cooling Change-Point Model (3PC). 

In 3PC models, energy use remains constant up to the 
balance-point temperature, at which energy use begins 
to linearly increase with rising outside ambient 
temperature. Equation 5 summarizes the formula for a 
three-parameter cooling change-point model (Fels 
1986. In Equation 5, β1 is the constant weather-
independent variable and β2 is the weather-dependent 
slope term. Tb,c is the temperature change-point. Tamb is 
the facility’s ambient temperature. The “+” sign 
following the brackets represents that only the positive 
temperature differences are evaluated, otherwise the 
difference is equal to zero. 

( )+1 2 amb b,cE=β +β T -T (5) 

Measures of Goodness 
The goodness-of-fit of a statistical model helps describe 
the discrepancy between observed values and values 
calculated by the statistical model. Goodness-of-fit can 
also determine how well a statistical model will predict 
a future set of observations. There are multiple methods 
for determining a model’s goodness-of-fit in statistical 
analysis; however, no general guidelines exist for 
selecting an appropriate goodness-of-fit method. For 
this analysis, the coefficient of determination, R2, the 
coefficient of variation of the root mean square error, 
CV-RMSE, and the normalized mean bias error, 
NMBE, were used to determine goodness-of-fit and 
model strength. The study uses a value of 0.75 
(Sonderegger 1998) for the R2 as a good model fit. The 
study uses the CV-RMSE and NMBE values defined by 
ASHRAE Guideline 14 (2002), which are displayed in 
Table 1, as a good model fit.  

Table 1. Recommended Values for Baseline Model from 
ASHRAE Guideline 14 

MONTHLY HOURLY 
CV-RMSE 15% 30% 

NMBE 5% 10% 

The coefficient of determination, R2, displayed in 
Equation 6, explains the proportion of variation of the 
measured data that is explained by the regression 
model. In Equation 6, yact is the actual energy usage per 
month for the plant, while ymod is the calculated energy 
usage per month. Also in Equation 6, yact_bar is the 
average energy usage per facility. R2 is represented as a 
value between zero and one, with an R2 value equal to 
one indicating a perfect fit between the measured data 
and the regression model. The closer the R2 value is to 
one, the closer the regression model is to predicting the 
behavior of the dependent variable. 

( )
( )

∑
∑

2
act mod2

2
act act

y -y
R =1-

y -y
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The CV-RMSE is the ratio of the square root of the 
difference between actual energy usage and model 
predicted energy usage by the degrees of freedom and 
then by the average energy usage as displayed in 
Equation 7. CV-RMSE values are provided as 
percentages. The smaller the CV-RMSE value is, the 
better goodness-of-fit for the regression model is. 

( )∑ 2
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n-p
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The NMBE is the ratio of the difference between actual 
energy usage and model predicted energy usage to the 
degrees of freedom and average energy usage by the 
facility and is displayed in the Equation 8. The closer to 
zero a NMBE value is the better the goodness-of-fit for 
the regression model. 
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CASE STUDIES 
This section presents two case studies comparing GP 
models to 3PC models in two different industrial 
facilities. In both cases the ambient temperature is taken 
from weather underground for each billing period 
(Weather Underground 2015), while a year’s worth of 
monthly utility bills were provided by facility 
personnel. Also, in both cases the facility experiences 
large internal heat loads and uses significant HVAC 
systems.  Both facilities are located in the southeastern 
USA. 

Case Study A 
Facility A uses electricity to supply energy for motors, 
compressed air, lighting, space cooling, and other 
manufacturing processes. To compensate for a high 
internal heat load, the production floor and office areas 
are cooled by approximately 800 tons of DX units. 
Thus, it is expected that the facility’s electrical energy 
consumption will vary with outdoor ambient dry-bulb 
temperature. Table 2 shows the monthly energy usage 
and average outdoor temperature for Facility A. 

Table 2: Average Monthly Temperature and Monthly 
Energy Usage for Facility A 

AMBIENT TEMPERATURE 
(°C) 

ACTUAL ENERGY 
(KWH) 

7.2 396,140 
7.2 450,210 
10.0 446,300 
16.7 549,118 
18.3 505,096 
23.3 542,040 
26.7 581,663 
27.8 603,660 
26.1 776,537 
21.1 715,066 
13.9 543,808 
8.9 496,905 

A GP regression analysis was performed for Facility A. 
Figure 2 displays the results from the GP regression 
analysis, a 95% confidence interval from the analysis, 
and actual energy usage for Facility A. Due to the 
limited number of training data points (i.e. 12 monthly 
data points), initial guesses for the hyperparameters are 
important, and non-convergence or convergence to a 
local minimum solution was experienced with poor 
initial guesses. As can be seen in Figure 1, the model 
regressed similar to a linear analysis with some 
exponential properties. Based upon the model the 
facility’s energy usage will increase linearly with 
outdoor temperature. Due to the linearity of the 

analysis, it is believed that energy usage might be more 
dependent on production for cooling than on ambient 
temperature. The confidence interval remains constant 
around the mean function except at the ends where 
there is no training data. Most of the training data is 
within the 95% confidence interval. The R2 value for 
this case study is 0.63, the CV-RMSE is 12.1%, and the 
NMBE is 0.026. Although the R2 value does not meet 
the recommend value for a good model, the CV-RMSE 
and NMBE values indicate that there is a moderate 
relationship between ambient dry-bulb temperature and 
electrical energy consumption. 

Figure 2: Actual Energy Usage vs GP Model Prediction Usage for Facility 
A. 

A three-parameter cooling change-point regression 
analysis was also performed for Facility A. Following 
the regression analysis using the Excel Solver feature 
(Golden 2014) the final regression parameters for β1, β2, 
and Tb,c are 14,702 kWh/day, 337  kWh/day-°C, and 
7.2°C, respectively. The 3PC change-point baseline 
energy model for Facility A is shown in Equation 9. 
The R2 value is 0.53, the CV-RMSE is 14.9%, and the 
NMBE is 0.169. This suggests that ambient dry-bulb 
temperature is an influential variable and that the 3PC 
change-point model is a mediocre baseline energy 
consumption model for Facility A.  

( )+amb
kWh kWhE=14,701 +337 T -7.2°C
day day×°C

(9) 

Error! Reference source not found. shows the 3PC 
change-point model for Facility A along with actual 
monthly energy usage data points. The appropriateness 
of the regression model shown in Equation 9 for this 
plant can be seen in Figure 3, as the high internal load 
demands a constant contribution to cooling in winter 
months, and progressively increasing energy use during 
months with higher temperatures.  
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Figure 3. Actual Energy Usage vs 3PC Model Predictions for Facility A. 

Case Study B 
Facility B uses electricity to supply energy for motors, 
compressed air, lighting, air handling unit, space 
cooling, and other manufacturing processes. To 
compensate for a high internal heat load, the production 
floor and office areas are cooled with various central air 
handling units and eight air conditioning units. Thus, it 
is expected that the facility’s electrical energy 
consumption will vary with outdoor ambient dry-bulb 
temperature as well. Table 3 shows the monthly energy 
usage and average outdoor temperature for Facility B. 

Table 3: Average monthly temperature and monthly 
energy usage for Facility B 

AMBIENT TEMPERATURE 
(°C) 

ACTUAL ENERGY 
(KWH) 

10.0 2,025,336 
8.3 1,976,634 
7.8 1,638,545 
9.4 1,513,165 
16.7 1,791,691 
17.2 1,857,495 
22.2 2,034,814 
24.4 2,352,756 
27.2 2,281,678 
25.0 2,445,301 
21.7 2,060,105 
15.6 1,735,401 

 Figure 4 displays the results from the Gaussian 
regression analysis, a 95% confidence interval from the 
analysis, and actual energy usage for Facility B. Similar 
to the analysis in Facility A, the initial guesses for the 
hyperparameters are very important due to the limited 
number of training data points. The prediction model 
shows a relatively flat energy usage for temperatures up 
to 15 °C and then curves upward with increasing 
temperature until temperature reaches 25 °C at which 
point the prediction flattens out again. This means that 
when the ambient temperature is below 15 °C the 

model predicts the facility will use a fixed amount of 
energy regardless of the temperature, while above 15 
°C, the model predicts the facility’s energy usage will 
increase linearly in response to increasing ambient 
temperature.  This regression analysis looks very 
similar to a change-point temperature regression model. 
The training points along the linear portion of the 
analysis are within the 95% confidence interval while 
the points along the flat portion are outside. The R2 
value for this case study is 0.74, the CV-RMSE is 7.4%, 
and the NMBE is 0.012. The GPM model meets the 
recommend measurements of goodness as defined 
previously in this paper.  

Figure 4: Actual Energy Usage vs Model Prediction Usage for Facility B. 

A three-parameter cooling change-point regression 
analysis was performed for Facility B. Following the 
regression analysis using the Excel Solver feature 
(Golden 2014) the final regression parameters for β1, β2, 
and Tb,c are 59,647 kWh/day, 2,167 kWh/day-°F, and 
18.5°C, respectively. The 3PC change-point baseline 
energy model for Facility B is shown in Equation 10 
The R2 value is 0.71, the CV-RMSE is 8.18%, and the 
NMBE is 0.0038. This suggests that ambient dry-bulb 
temperature is an influential variable and that the 3PC 
change-point model is a good baseline energy 
consumption model for Facility B.  

( )+amb
kWh kWhE=59,647 +2,167 T -18.5°C
day day×°C

(10) 

Figure 5 shows the 3PC change-point model for Facility 
B along with actual monthly energy usage data points. 
The appropriateness of the regression model Equation 
10 for this plant can be seen in Figure 5, as the high 
internal load demands a constant contribution to 
cooling in winter months, and progressively increasing 
energy use during months with higher temperatures.  
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Figure 5. Actual Energy Usage vs 3PC Model Prediction for Facility B 

DiscussionThis preliminary study has compared GP 
models to 3PC models using utility bill data and 
ambient dry bulb temperature. Both models have 
advantages and disadvantages. GP models are able to 
capture non-linearity better than 3PC models, however 
as mentioned previously, due to limited training data, 
initial guesses for the hyperparameters need to be 
accurate or poor results may be found. An advantage of 
the 3PC model is it has a defined equation whereas the 
GP model is only defined by the covariance matrix and 
mean function. Table 4 shows the CV-RMSE of the GP 
and 3PC models for both cases. In both cases the GP 
models had slighlty better CV-RMSE values but both 
models meet ASHRAE Guideline 14 requirements.  
Table 4: CV-RMSE Comparison Between GP and 3PC 

Models for Case A and Case B 
GAUSSIAN 3PC 

CASE A 12.1% 14.9% 
CASE B 7.4% 8.18% 

Table 5 shows the NMBE values for the GP and 3PC 
models in both cases. In Case A the GP model NMBE 
value indicates that it is the better fit. In Case B the 3PC 
NMBE value indicates a better fit.  

Table 5: NMBE Comparison Between GP and 3PC 
Models for Case A and Case B 

GAUSSIAN 3PC 
CASE A 0.026% 0.169% 
CASE B 0.012% 0.0038% 

The biggest challenge to creating accurate baseline 
energy models in industrial facilities is limited data 
availability (i.e., only 12 month utility bills are 
available). Due to most industrial facilities not being 
able to sub-meter systems, utility bill data is the only 
consistently-available source of information for energy 
usage in a facility. To make results more accurate, 

multiple years of utility bills can be used, but care must 
be exercised to ensure that the facility has not made 
major changes in equipment or amount of production. 

CONCLUSION 
This paper has presented two case studies comparing 
GP models to 3 parameter cooling change-point models 
to develop a baseline energy model using ambient dry 
bulb temperature and utility bill data. In both cases the 
both models meet the recommended measures of 
goodness recommend by ASHRAE Guideline 14. The 
CV-RMSE values indicate a better fit by the GP 
models, but the NMBE values show for Case A the GP 
model is the better fit while for Case B the 3PC model 
is the better fit. 
For this case study, the baseline model could be any of 
two models although the model prediction uncertainty 
is intrinsically better captured in the GP model. In 
general, the prediction associated with uncertainty is 
helpful for the risk management in the retrofit project, 
although this preliminary study didn’t research whether 
the uncertainties are accurately captured with GP 
model. This will be further investigated in the future. In 
addition, the Gaussian approach leads to highly flexible 
models, which can easily capture the complex behavior 
and provide more realistic results. This preliminary case 
study was limited to two industry facilities with total 
electricity consumption data in southeastern regions, 
the conclusions drawn from this preliminary study may 
not be fully representative, generalizable conclusion. 
However, the flexible framework used in this study can 
be easily adapted into any other case studies including 
different locations, different input and out variables, 
etc.  
Future goals are to perform an in depth comparison of 
GP models to change-point temperature models, to 
analyze various covariance matrices, to analyze 
hyperparamters for connections to building material 
properties or infiltration and to use the models to help 
break down energy usage ( i.e. air conditioning usage, 
motors, lighting, etc.) in the industrial facilities. 
Additional future work will focus on expanding the 
application of GP model to more industrial facilities, 
under different use scenarios and comparing their 
performance in different time resolution. 

NOMECLATURE 
η = hyperparameters 
X  = ambient dry bulb temperature 
V(X,X, η) = covariance matrix 
y  = energy usage 
m(x) = mean function 
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E = energy usage 
β1 = weather independent energy usage 
β1 = weather dependent energy usage 
Tamb = ambient temperature 
Tb,c = change-point temperature 
yact = actual energy usage 
ymod = model energy usage 
yact_bar = average actual energy usage 
n = number of data points 
p = number of parameters 
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