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Abstract

At this time, due to the global pandemic that has occurred, public administrations want to optimize resources and reduce
greenhouse gases with more interest than before. It is the case of the Energy Regional Entity of the Junta de Castilla y Leén
(Spain) that pursues the optimization of the energy consumption in particular of healthcare sector buildings. For this purpose,
this work focuses on estimating electricity consumption for each month, for which different scenarios will be generated and the
corresponding model is obtained for each scenario. This model has been developed considering the historical monthly data of
consumption and climatic variables for the last 3 years. Electricity consumption in public sanitary buildings is related to their
climatology, due to the use of air conditioning to adjust the indoor temperature. Subsequently, from the models obtained, the
results will be analyzed. Significant differences have been observed in the estimation of electricity consumption with respect
to the real data provided by the Junta de Castilla y Ledn. The results obtained show how the availability of climatic variables
increases the accuracy of the model obtained by about 30%.
© 2022 The Authors. Published by Elsevier Ltd. This is an open access article under the CCBY license
(http://creativecommons.org/licenses/by/4.0/).
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1. Introduction

The European Union is committed to establishing a sustainable, competitive, safe, and decarbonized energy
system. Within the framework of action on climate and energy of the EU until the year 2030, ambitious commitments
are established to continue reducing greenhouse gas emissions (at least 55% by 2030, compared to 1990).
Furthermore, the Commission’s proposal for the first European Climate Law aims to come true the European Green
Deal: to make the European economy and society climate neutral by 2050.
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Achieving the target of 55% greenhouse gas emissions by 2030 will require action across all sectors. The building
sector is responsible for 40% of final energy use. Because of this, this sector has a large and cost-effective potential
to become more energy-efficient and reduce emissions. The goal is to reduce greenhouse gas emissions by 36% [1].

As part of the clean energy for all Europeans package, the Energy Performance of Buildings Directive (EPBD)
2010/31/EU and the Energy Efficiency Directive (EED) 2012/27/EU were revised in 2018 by the Directive (EU)
2018/844. Some of the aspects considered are the commitment of the member states to carry out long-term
renovation strategies as well as the obligation to rehabilitate public buildings with 3% of their surface annually [2].

In the long-term renovation strategy, each Member State shall establish: (i) an overview of the national building
stock, (ii) policies and actions to target all public buildings, and (iii) an evidence-based estimate of expected energy
savings and wider benefits, establishing measurable progress indicators. In addition, it is stated that it will be
mandatory to determine the energy performance of a building based on actual or calculated energy consumption
and should reflect typical energy use, not only for heating, cooling, or domestic hot water but also for lighting and
other technical building systems [3].

In this context, it will be necessary to establish advanced energy indexes within public buildings. Energy indexes
seem: (i) to be a useful tool for monitoring energy consumption and greenhouse gas emissions; (ii) to make available
information to register historical energy consumption and develop efficient energy policies in public administrations,
from the local, regional and national level; (iii) quantify the real energy savings obtained derived from energy saving
and efficiency measures or established in energy service contracts or energy performance contracting (EPC) [4].

EPC is a form of ‘creative financing’ for capital improvement which allows funding for energy upgrades from
cost reductions [5]. Demonstrable energy savings are agreed upon in EPCs. This is where savings measurement
and verification protocols such as the International Performance Measurement and Verification Protocol (IPMVP)
developed by the efficiency valuation organizations (EVO) are of vital importance [6].

Models for calculating savings are typically developed using simple or multiple linear regressions on a building-
by-building basis and independently [7]. However, when the EPC or indexes must be done for a large number
of buildings, the clustering techniques would make sense. On the one hand, the buildings with similar energy
behaviors or the same user would be delimited and on the other hand, it would allow the groups to be compared. The
protocol proposes different methodologies to calculate energy savings. Some authors use the calibrated simulation
option [8]. Other authors use the option of the whole facility verification by comparing linear regressions and neural
networks [9]. The facility verification option is used when there is no building consumption data, for example, a
new building. The option of a simulated model is used when multiple building improvements are made and the
savings are significant [10].

Clustering techniques were used first, delimiting the buildings under study [4]. Now, in this article and for each
cluster, different techniques were developed to predict the electrical consumption of public health buildings. The
techniques used are principal component analysis and linear regression. Therefore, the techniques developed could
help detect anomalies and serve as a support to calculate the energy savings of EPCs of public buildings.

Traditionally, energy efficiency labeling in the building sector has been carried out through energy simulations,
establishing efficiency labels in comparison with the results obtained by a reference building. This methodology
seems to work well with the electrical consumption of certain buildings and good results are obtained [11]. However,
it does not seem to be the most appropriate in large buildings, such as hospitals, since many complex installations
influence and the simulations are not sufficiently accurate [12].

Other comparative energy benchmarks that can be used in public buildings based on real electricity consumption
are the UK’s Display Energy Certificate (DEC) [13] and the German VDI3807 [14,15]. Other authors propose the
use of the real consumption of buildings to calibrate the energy simulations carried out [16].

To calculate energy savings in building retrofitting projects, methodologies based on the IPM VP protocol are also
used, based on real consumption data. Many software tools are suggested in IPMVP to analyze energy consumption
by simulation and subsequent calibration with the real data; a long calculation time, the complexity and cost of
implementing the model, and the uncertainty of the model parameters are the barriers to predicting the energy
consumption of existing buildings. Some authors propose simplified simulation models to solve these problems [8].

Some of the applications that this research may have is to be able to use these consumption estimation profiles
to propose energy efficiency measures, vehicle to grid, self-consumption installations or even to determine which
buildings are energy inefficient [17,18].

Difficulties in the simulation of the power demand behavior of buildings can be overcome with access to
real consumption measurements and the application of the so-called “Big Data” and ‘“data mining” techniques.
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Thus, some works were carried out to propose a first approach to identify the energy efficiency of buildings and
predict their energy demand profiles [19], identifying reference electrical energy consumption profiles (in terms of
final energy use) by comparing several clustering techniques [4]. Some authors propose clustering with regression
techniques for the prediction of consumption in buildings [20,21]. Other studies use MARS for consumption
predictions [22,23].

The choice of the algorithm must be done following some criteria such as the accuracy needed in the prediction
or the volume of the available data. For example, the prediction can be done with a linear regression algorithm [24].
This is a simple manner to solve the problem. The problem can be solved with a neural network algorithm, but the
volume of data must be enough to get a good solution as commented in [25].

Nowadays there is a wide range of possibilities when it comes to solving this type of problem. Many algorithms
can solve the problem, but it is necessary to determine some requirements to validate the result obtained.

It can be observed that the majority percentage of annual electricity consumption belongs to the hospitals
(approximately 85% of total consumption) the rest of the categories are close to 5% as shown in Table 1. As can be
seen in the data shown in Table 1, the remaining categories that are not considered as hospitals represent about 16
GWh-year™! of annual electricity consumption. On the other hand, the variation in the total electricity consumption,
evaluated through the standard deviation, is relatively small on an annual basis, considering the evaluated period,
which lasts from January 2016 to December 2019.

Table 1. Electrical energy consumption description of the Public Health System’s building stock of the Castilla
y Ledn region in Spain.
Source: Junta de Castilla y Ledn.

Building type Inventory Average consumption Sd. deviation ~ Consumption
(MWh yr=1) (MWh yr=!)  share (%)

Hospitals 25 100 256 453 1268 194 86%

Health centers without emergencies 146 8817 623 189 674 8%

Health centers with emergencies 66 6 088 346 164 626 5%

Others 20 1550 965 63 596 1%

Total 257 116 713 388 1686 092 100%

Finally, let it is noted that the classification of buildings provided is valid for administrative purposes, but
inefficient for energy analysis. Therefore, the research conducted on these buildings has been used to be able to
properly use the data from an energy point of view, which may differ from a purely administrative classification.

As shown in the image Fig. 1, we carry out a step-by-step process to arrive at the model for estimating the
energy consumption of the different health buildings, which is detailed as follows:

1. Data collection: we have conducted an analysis of the various data sources and collected the data from the
different sources that are needed for the model.

2. Data Set: We perform a data cleaning and refinement process for our data set using statistical analysis. At this
point, we also perform Principal Component Analysis (PCA) to check if it is possible to achieve a reduction in the
number of variables. Then we generate the different scenarios that we are going to compare with our estimate.

3. Machine learning: with the Data Set of our different scenarios, we carry out our estimation model with the
Linear Regression technique.

4. Prediction Result: After having the different results of the estimates for each result, we validate from which
we obtain our best models with a shared analysis and pressure indicators, to obtain our conclusion.

2. Materials and methods

The above data flow explains how the work was carried out. Starting from data collection to the selection of
an estimation model of the energy consumption of buildings within the healthcare sector. In the first step, the data
collection, all the data sources to be used are requested. In the second step, we begin to compose the data set and
refine it, this is done by gathering all the sources and doing the cleaning process, and then performing a Principal
Components Analysis (PCA) to check if it is possible to reduce the number of variables. For each of the proposed
scenarios, the data is normalized and pre-processed to obtain the cleanest and most orderly data set possible and
subsequently obtain the linear regression models for the estimation of monthly consumption. Finally, each of the
models that were obtained to estimate the energy consumption is checked against the real value to verify its behavior.
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Fig. 1. Data flow forecast hospital energy.

2.1. Scenarios

By applying the linear regression technique, we intend to compare how having different variables influences
a monthly estimation analysis. Having multiple different variables (monthly electricity consumption, climatic
variables, clustering, etc.) with different sources, we decided to divide our data into three scenarios, to conclude
which data behave better in our models. In each scenario, the set of variables used is indicated.

Each scenario includes the complete data for each cluster and the data for each cluster separately used in the
previous research [4]:

Scenario 1: uses the dataset with all-climate variables (Temperature, humidity, velocity, direction, radiation and
precipitation), as well as date variables, electricity consumption, and building floor area.

Scenario 2: uses the dataset with the results of the application of the PCA technique on the climatic variables
mentioned above, as well as the date variables, electricity consumption, and building area.

Scenario 3: uses the data set with the variables gd_20 and gd_-26, as well as the date variables, electricity
consumption, and building area.

2.2. Linear regression

Multiple regression models are used to estimate the monthly consumption of electricity. This method allows us
to estimate the value of the dependent variable from a set of independent variables. The model is represented by
the following equation [26]:

Yi=(Bo+ Bi X1+ BoXoi + -+ B Xyi) + e, (D

where Y; is the electricity consumption dependent variable, X,,; are the independent variables, By is the intercept,
B, are the regression coefficients and e; is the error.

The simple linear regression model shows as a result a line that passes as close as possible to all points in the
point cloud. In the case of the Multiple regression model, the result is more complex, it is a space with as many
dimensions as independent variables there are [27].

To apply the Multiple Linear Regression Model it is necessary to ensure that the data meet different require-
ments (Non-collinearity, linear relationship between the numerical predictors and the dependent variable, normal
distribution of residuals, homoscedasticity).

The proposed linear regression method has been used previously in different investigations to estimate and predict
the electricity consumption of a building [22].

2.3. Statistical test

Different statistical tests are used to validate the models and estimate their accuracy.
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e R-squared: statistical measure that represents the proportion of the variance for a dependent variable that is
explained by an independent variable or variables in a regression model. This method is used in [28,29].
- 2
R2=1_ ZzT=1 (Yt _X) )
= ; 5,
Zt=l (Yt - Z)

where Zthl (2 -Y )2 is the sum of residual squares and Zthl (Yt -Y )2 is the sum of total squares.
e Root Mean Squared Error (RMSE): standard deviation of the residuals (prediction errors). Residuals are a
measure of how far from the regression line data points are. This accuracy method is used in [8].

1 -
RMSE:,/;Z(y,-—yj)Z, 3)

where n is the number of samples, y; are the predictions and y; are the actual observations

e Mean absolute error (MAE): measures the average magnitude of the errors in a set of predictions, without
considering their direction. It is the average over the test sample of the absolute differences between prediction and
actual observation where all individual differences have equal weight [30].

1 -~
MAE:;-Z’yj—yj, (4)

where 7 is the number of samples, y; are the predictions and y; are the actual observations

3. Results and analysis

3.1. Correlation and principal components analysis

A correlation matrix is made to discard variables from our data set that are very similar in their behavior. The
objective is to avoid duplicate contributions to the estimation model. Thus, variables with a correlation higher than
0.8 in the matrix will be excluded, since above this value they are highly correlated, as indicated by several studies
and books [31], and may overestimate the model. Then, it is necessary to determine the optimal number of principal
components for our dataset, which will tell us the percentage of explained variance by each number of principal
components. This will give the number of principal components where the rise in the percentage of explained
variance starts to reduce.

The principal component analysis is performed on the climatic variables to determine which ones provide
information in the model and to compare the results with other scenarios that analyze other climatic variables.

Based on Fig. 2 we keep five principal components since the rise in the percentage of explained variance between
taking 5 and 6 Principal Components is not substantial enough. With 5 principal components it already has a variance
higher than 90% as shown in figure a.

temperatura_media
scree plot temperatura_media_maximas
temperatura_media_minimas
oi humedad_media_maximas
humedad_media_minimas
- velocidad_viento
E direccion_viento
H
& velocidad viento_maxima
02
direccion viento maxima
radiacion
01
precipitacion media_mensual
precipitacion_maxima 24 |
Py S Py S P S P P
2 2 3 2 - s < b ET_Penman-Monteith_Mensual
principal Component
(a ) PE_Penman-Monteith Mensual
horas_insolacion
1 2 3 4 s

Fig. 2. (a) PCA scree plot. (b) PC coefficients graph with varimax rotation.
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After applying Varimax rotation on our PCA is obtain the simplified graph of Fig. 2 b to determine the principal

influence of each of the principal components on the variables analyzed [32].

Based on the plot after applying the rotation is reach the following conclusions:

N AW =

3.2. Linear regression results

. Principal Component 1 is explained based on the reference evapotranspiration and temperature.
. Principal Component 2 is explained based on potential evapotranspiration.
. Principal Component 3 is explained based on the maximum wind speed.

. Principal Component 4 is explained based on the direction of the wind.

. Principal Component 5 is explained based on the maximum mean humidity variable.

Fig. 3(a) shows how the estimated record fits the regression line. It can be seen visually how the points fit better
as consumption is lower, but the relative errors are lower in the buildings with higher consumption. The buildings
that best fit the regression line belong to groups 1 and 4. Fig. 3(b) shows how much accurate is the estimation of

the consumption for scenario 2.
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Fig. 3. Regression graph for every building [kWh month~!], linear regression method. (a) scenario 1, (b) scenario 2, (c) scenario 3.

The distribution is considerably similar to scenario 1. This means that the use of Principal Component Analysis
does not imply an improvement in the results of Linear Regression, since by using a smaller set of variables the
results will be less accurate. This loss of precision may be admissible when the set of variables used in the model
is reduced from 32 to 5 variables. Finally, the above Fig. 3(c) shows the estimation for scenario 3. Which is the
most accurate for the different groupings of buildings.

Although visually Fig. 3(a, b, and c¢) are similar. The results obtained in Table 2, show differences in the
adjustments obtained from the selected indicators RMSE, MAE, and RZ.
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Table 2. Statistic estimators result for the reference electric energy consumption profiles linear regression method
(scenarios 1, 2 and 3).

Cluster R? RMSE (kWh yr~1) MAE (kWh yr—!) Samples
Class 1 0.61 1362 1046 4
Class 2 0.52 22517 6856 97
Scenario 1 Class 3 0.94 74121 30 587 57
Class 4 0.74 3551 1992 46
Class 5 0.95 25091 12 927 53
Global 0.91 46242 17 701 257
Class 1 0.49 2 030 1616 4
Class 2 0.51 36 420 14 928 97
Scenario 2 Class 3 0.94 430332 189 171 57
Class 4 0.74 7280 4287 46
Class 5 0.95 170 442 76511 53
Global 0.91 46 356 17 677 257
Class 1 0.52 1322 1124 4
Class 2 0.48 18 932 5950 97
Scenario 3 Class 3 0.93 77 482 29914 57
Class 4 0.69 2707 1652 46
Class 5 0.95 25775 12762 53
Global 0.91 45919 17 669 257

Table 2 shows the numerical results for scenarios 1, 2 and 3. It can be highlighted that the cluster with the lowest
R-squared is class 2. Comparing class 2 with the best class, which is class 5, there is a 45% difference between
their r-squared values, in this case, the value of RMSE and MAE is considerably different among the classes. This
can be explained since there is a lot of variation in the consumption of the different classes. For that reason, it
is better to analyze the results with a percentual indicator as r-squared. Table 2 shows the results for scenario 2.
For this scenario, the lowest value of R-squared is again for class 2 and the best for class 5, the difference among
both r-squared values is 46%. Analyzing scenario 2 r-squared results against r-squared scenario 1 results, it can be
highlighted that the r-squared class 1 value is 19% lower in scenario 2 as can be seen in Table 3. The other r-squared
values are almost equal in both scenarios. Comparing the MAE and RSME values between scenarios 1 and 2, it
can be concluded that MAE and RSME values are higher in scenario 2 than in scenario 1 for all the classes. This
means that results for MAE and RSME are better in scenario 1.

Table 3. Comparison of the R? estimator for the reference electric energy consumption (scenarios 1, 2 and 3).

Comparative scenarios 1 and 3 Comparative scenarios 1 and 2 Comparative scenarios 2 and 3

R? % R? R? % R? R? % R?
Class 1 0.09 14.75% 0.12 19.67% —0.03 —6.12%
Class 2 0.04 7.69% 0.01 1.92% 0.03 5.88%
Class 3 0.01 1.06% 0 0% 0.01 1.06%
Class 4 0.05 6.76% 0 0% 0.05 6.76%
Class 5 0 0% 0 0% 0 0%

Finally, Table 2 shows the results for scenario 3. As in the other, two scenarios the lowest value of R-squared is
for class 2 and the best for class 5, the variation, in this case, is the same as in scenario 1 is 45%. Analyzing scenario
3 RSME and MAE results against scenario 1, it depends on the class which scenario is better than the other, but it
can be concluded that there is no substantial difference between them. The models obtained have adequate accuracy
values in general terms (R2 above 90%), improving the previous results in which the climatic variables were not
available (above 30%).

4. Conclusions

After having analyzed the three-monthly estimation models obtained through linear regression with the different
scenarios. The following conclusions can be observed:
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The buildings belonging to class 1 would lead us to conclude that scenario 2 is the one in which the lowest
accuracy is obtained, but concluding only by analyzing this class is incorrect, since, as can be seen, in general
terms they are not very different in any of the different scenarios.

The model obtained in scenario 1, where all the existing climate variables are included, shows higher precision
values than in the other two models (scenarios 2 and 3).

In addition, to determine whether it is better to perform a principal component analysis of the climatic variables
or to use two indexes (degree days in base 20 and base 26), it can be verified that the RSME and MAE indexes are
lower in scenario 3, so it can be concluded that to estimate the electricity consumption of the buildings it is better
to use degree days in base 20 and base 26 than to perform a principal component analysis of the climatic variables
obtained from meteorological stations.

The values obtained in the quality indexes by means of the linear regression model can be visualized as valid for
these investigations, they are like those obtained by other researchers in their investigations when trying to estimate
the value of the energy consumption of a building, improving by more than 30% the previous investigations.

From the results obtained, it is possible for early detection of anomalies in electricity consumption, evaluations,
and energy efficiency, as well as to determine the cost and evaluate the possibility of centralized energy purchasing.
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