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Abstract

Energy saving and the integration of renewable energies are crtical 1ssues in Net Zero Energy Buildings
(NZEB). In this context, the availability of methods for the prediction of the Electrical Load Demand (ELD)
is extremely important mainly due to its relevance for an appropriate energy management, sizing of NZEB
energy systems, and, especially, for the implementation of suitable energy control strategies, such as energy
storage. This paper describes the development and assessment of an electricity demand short-term predictive
Artificial Neural Network (ANN) model for a characteristic laboratory within an NZEB located at Almeria
(Southeastern Spain). As the model 1s aimed to be used as part of advanced building energy control schemes,
some specific requirements, as a tradeoff between accuracy and simplicity, have been considered. The work
presented in this paper contains both a description of the algorithms and reference data for an appropriate
development of this kind of models. Moreover, a detailed discussion of the obtained ANN model which has
been validated using real data obtained from the NZEB used as case-study has been included.

Keywords: Nei Zero Energy Buildings, Electrical Load Demand, Artificial Neural Network, Radial Basis
Functions.

1. Introduction

Nowadays. the concept of NZEB and energy efficiency measurement applied to buildings are recemving an
extensive attention all around the world mainly due to their huge contribution to reduce chmate change
(Kolokotsa et al., 2001). Therefore. the prediction of ELD within the scope of NZEB is presently being
widely studied since the optimmization of the use of renewable energy sources by means of specific control
systems requites an accurate knowledge of building energy consumption patterns, both for the peak and
average loads and for the short and medium-term building rooms vse dynamics (Castilla et al | 2014).

In this work, a bioclimatic building has been considered as a case of study. More specifically. this building 1s
located at Almeria (Spain) and 1t has been built to take advantage of the benefits provided by solar energy
and natural ventilation for passive heating and cooling. In addition, it has a Heating, Ventilating and Air
Conditioning (HV AC) system which uses solar thermal energy for active cooling of the rooms. Furthermore,
a gnd connected photovoltaic (PV) installation completes the building energy infrastructure to cope with the
building electricity demands.

In literature, there are many studies that take into account the consumption of the whole building
(Khosravani et al., 2016; Mena et al., 2014), several buildings or even the whole city (Ferreira et al., 2010,
others are related to the power demand, wind speed, power forecasting and solar irradiance forecasting with



different range of parameters (Ren et al., 2015). The approach presented in this paper takes into account one
room (a laboratory) which can be observed in Fig 1, as a representative environment of the building. In this
case, there are several factors that influence energy consumption such as weather variables, building's
constmuction, building's occupants and their behavior, the use of artificial lighting. the use of the HVAC
svstemy efc.

Artificial Neural Networks (ANNs) have been used to obtain predictive models for the power consumption.
In addition, the modeling capabilities of Fadial Basis Functions (RBFs) are influenced by the shape of basis
functions, the number and placement of the centers, and the width (spread) of the basis function (Ferreira et
al., 2012). The using of ANNs for forecasting has led to a tremendous increment in research activities in this
field in the past vears. As the inferesting reader can check in the following works (Zhang el at, 1997, Mena et
al, 2014).

In this work, an ANN for the prediction of the energy consumption of the laboratory has been considered.
More specifically, it takes info account the energy consumption of artificial lighting, computers, and other
equipment in the laboratory.

Fig. 1: Representative environment of the CIESOL building

The paper is organized as follows: Section 2 describes the scope of the work. The methodology used fo
obtain the ANN is presented in Section 3. In Section 4 the obtained results are briefly discussed. Finally,
Section 5 includes the mam conclusions and firure works.

2. Scope of the work

The CIESOL building e ciesoles) 1s a solar energy research center. see Fig 2. which is located
inside the Campus of the University of Almeria in the southeast of Spain. This geographic location is
characterized by having a typical desert Mediterranean climate, with an anmial average mumber of 2965
hours of sunshine (climate values registered at the meteorological station of the Almeria airport. located 3.5
kilometers far from CIESOL). This building is distributed into two different floors with a total surface of
1071.92 m. In addition, it was built following several bioclimatic criteria that affect to its architecture, as the
use of photovoltaic panels fo produce electricity and an HVAC system based on solar cooling.

This HVAC system makes use of a solar collector field, a hot water storage system a boiler and an
absorption machine with its refrigeration tower in order to produce heat or cold air as a function of the
demanded necessities. Moreover, it has a wide network of sensors and actuators, and an appropriate data



acquisition and measurement system. The availability of these data will allow to understand the behavior of
each one of the bioclimatic strategies which are implemented in this building. the energy saving and CO4
emissions reduction which can be obtained with them. and also, to perform energy scheduling tasks to
optinize the use of renewable energies against conventional energy sources.

Fig. 2: CIESOL building

3. Methodology and experiments

ANNs can be seen as weighted directed graphs where the newrons are nodes and the directed edges (with
weights in each) are connections between input and output newrons. They are vsed for non-linear mapping
between the input data X and the output vector ¥ in order to model relations or detect patterns among them
ANNs are black-box models and, thus, their parameters and structure have to be determined from data.

3.1 Architecture and structure selection; RBF Neural Network

The ANN is an artificial intelligence technique that mimics the human brain’s biological neural network in
the problem solving processes. As Immans solve a new problem based on the past experience, a neural
network takes previously solved examples. looks for patterns in these examples, learns these pafterns and
develops the ability to correctly classify new patterns. In addition the neural network has the ability to
resemble human characteristics in problem solving that is difficult to simulate using the logical, analytical
techniques of expert system and standard software technologies (Daosud ef al., 2005). In this work an EBF
neural network is used. As it can be observed in Fig 3, an RBF ANN has three layers. The first layer
represents the inputs to the network from the outside environment The second layer, also denominated
hidden laver, applies a non-linear transformation on the input set. This layer usually has a large mumber of
neurons fo achieve better results. Finally, the third laver, which usually has a single neuron, performs a linear
combination over the outputs of the neurons from the previous layer, that is, the hidden layer. Hence, the
output of this layer is the result provided by the nevral network.

Therefore, the output of an RBF ANN can be expressed as:
y = E?:lwifi ' (”Ci — 1'”2) (eq. 1)

where w; is the weight associated with the # hidden layer node, ff is the radial function ¢; 15 the cenfer
location and x is the input point. The modeling capabilities of this network are determined by the shape of the



radial function the number and placement of the centers. and the width (spread) of the function Moreover,
different options can be selected as radial function, such as radial linear fonction radial cubic function
Gaussian function, thin plate spline function, nmlti-quadratic function, inverse multi-quadratic function or
shifted logarithm function However, the most used radial function is the Gaussian, see (eq. 2):

(_uc,-,—xni)
2 2
filkx)=e % (eq. 2)

where o is the standard deviation, ¢; is the center of the distribution, and x is the input point.

Hiddan layers
(centers, spreads)

Inputs layer

Fig. 3: RBF ANN simple diagram

In general, during the training process, the training error decreases. However, generalization error, that is, the
accuracy of the used algorithm to predict the output for previously vnseen input values, evolves as it is
shown in Fig. 4. This problem is known as overfitting. Typically, the generalization error 15 estimated as the
difference between the expected and the empirical error over a generalization data-set, which is a fixed set of
data samples not from the training data-set. Therefore, the initial data-set should be partitioned into a training
data-set and a testing data-set. Afterwards. the training data-set is split into two different data-sets: one to
estimate the model, and the other to its validation. Hence, three different dafa-sets are used: training,
generalization and testing (Havkin 2005).

— Training emor
..... Ganeralization error

Error

\ Early stopping interval

Training interval

Fig. 4: Training error versus generalization error: early stopping interval (Haykin 2005)



3.2 Data-sets construction

To obtain the EBF ANN proposed in this paper. a set of historical data from the CIESOL building has been
used. Concretely, the historic data-set comprises since the 11% of December 2013 to the 11% of February
2014, so it has a total length of 63 days, with a sample time of 1 minute, that is. 20720 points. These points
were obtained from different measurement systems. Hence, to synchronize both of them, 60 points (1 hour)
were removed from the historic data-set. Therefore, the final mumber of points was 20660 points.

Due to the sample time of the historic data, the power consumption signal had a random noise in if.
Therefore, to remove this noise a smooth filter has been used. More specifically, the MATLAB smooth
function has been applied to the data. This function smooths data using a 5-point moving average, that is. the
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Fig. 5: Results provided by the smooth filter over the power demand signal.
moving average filter smooths data by replacing each data point with the average of the neighboring data

points defined within the span. This process is equivalent fo a low pass filter. Hence, the response of the
smooth function is given by the following difference equation:

— (i +N)+y(i+N—1+...4y(i —N)) (eq3

2N+1
where y; (i) is the smoothed value for the ith data point, N is the number of neighboring data points on either
side of y; (1), and 2N + 1 is the span (MathWorks Website, 2016). Fig. 5 shows a fraction of the data before
and after the filter process has been applied.

ys(i) =

3.3 ANN inputs and size

As has been poinfed out within the Infroduction Section, the oufput of the ANN model presented i this
paper is the prediction of the power demand (excluding the HVAC system) of a representative laboratory of
the CIESOL building, see Fig. 1. The original data-set has a total length of 63 days but, after removing the
mistaken unavailable, and unwanted data the size is reduced fo 40 acceptable days that can be useful for
modeling purposes, see Fig. 6. Figure. 7 shows the power demand of these 40 days in cyan color, and the
average power demand in blue color. Finally, from this subdata-set only 23 days have been selected to be
used for design the ANN.
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Fig. 6: Data used from the period

This subdata-set of 23 davs has been divided info three different data-sets: fraining, generalization, and
testing data-sets which contains the 12%, 8%, and 80% of total points respectively. These points have been
selected randomly from the subdata-set of 23 days and, thus, the final size of training. generalization and
testing data-set are 3974, 2650 and 26496 points respectively.

The ANNs proposed in this paper uses as inputs 2 lags of the power demand [W] of the laboratory, the CO:
concentration inside the laboratory [ppm]. the outside direct irradiance [W/m'] and the number of people
inside the modeled room [-]. The behavior of occupants have a major effect on the power consumption in the
building (Virote and Meves-Silva, 2012). More specifically, they have a direct effect from their physical
presence in the space, and an indirect effect denived from their social behavior and awareness of the power
saving aspect (Otkonomou et al., 2009).

Moreover, the output of the ANNs is the prediction of the power demand in the laboratorv. In Fig. 8 the three
exogenous inputs data and the power demand of the period considered in this study are shown. The structure
of the proposed ANN can be observed in Fig. 9.
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Fig. & The inputs and the output data

As different ANNs to predict the power demand of a representative laboratory have been obtained. each of
them with different configurations. if is necessary to determine which of the proposed ANNs 1s the best one.
For this aim. the Normalized Root Mean Square Error (NEMSE) has been used. This index is the percentage
of the Root Mean Square Error (RMSE). In addifion, this index has also been used fo validate the proposed
ANNs as a function of the prediction horizon (from 1% step and 16® step). see eq. 4, where 4 is a weighting

factor for each NEMSE:

A*NRMSEU_ 15f+{1 -A)* NRMSEI,_ 16th
2

rmseF = (eq. 4)
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Fig. 9: Structure of the ANM proposed in this paper to predict the power demand in a laboratory of the CIESOL
building

In the previous equation NRMSE, _,, and NEMSE, _,gs are the NRMSE of the validation data-set for 1
step and 16% step prediction horizons respectively, and A, in this case, has been fixed to 0.5.

The experiments had been rmun for all the combinations of these parameters:



*  The mumber of the centers canbe 3, 6, 9, 12 and 15.

s  The r parameter with values of 0.05, 0.01, 0.005 and 0.001, which is the termination criterion with
early stopping. since an early stopping method with generalization data-set has been used.
In this work, the RBF ANN used to predict the power consumption of the laboratory has been trained using
the Levenberg—Marquardt (LM) algonithm (T. Olofsson, 1998; DW. Marquardt, 1963) which mininizes a
modified training criterion (A. FEunano, et al, 1291; P M. Ferreira and A E. Ruano, 2000). This method has
been successfully used in (P M. Ferreira, 2012).

4. Results and discussion

In Table 1 a summary of the different models which have been obtained from fraining the ANN with real
data from the bioclimatic building are shown. More specifically, the NEMSE index has been used to assess
the performance on the different models. Moreover, validation results for one step ahead (using 1 minute
interval) show an appropriate performance with a NEMSE less than 5% in the worst case. However, it does
not happen with the worst case for 16 step ahead. which is lugher. Thus, a final RMSE, which is the mean of
the previous ones (1 and 16 steps ahead). has been calculated to select the most suitable model in both cases.

Finally, the results of the power demand for these 5 models in Table 1 are shown in Fig. 10, and the
prediction of the 16 steps of the first model are shown in Fig. 11. In addition. the validation results of the 1%
and 16™ step prediction ahead for model number 1 can be observed in Fig 12.

The mumber of nevrons that compose the hidden layer of the ANN, the small size of the data window and the
parameters of the training algorithm for the experimental works carried out in this paper suggest that these
values should be carefully studied, but anyway, many neurons were not needed to get satisfactory results.

Tab. 1: Results of the best five obtained models

f“fldb“;r Nm‘“f Tﬁﬁ gﬂﬂiﬁm mNﬁlsz:fScE 1 tmNm;ngf 16 | Final RMSE
step ahead step ahead
1 3 0.0009 0.0095 0.0097 02124 0.0535
2 3 0.0102 0.0103 0.0104 02125 0.0557
3 3 0.0103 0.0099 0.0103 0.2131 0.0558
+ 3 0.0009 0.0095 0.0097 02172 0.0567
5 3 0.0102 0.0104 0.0103 02174 0.0569
Tab. 2: Statistical analysis of the best five obtained models
. Normalized
Model mumber .ﬁbsobifl’::ﬂ Error | Ticat Relative ajl{qﬁfgm Sﬁi Mean
(MAE) Error (MRE) (MaxAE) Error (SN) Absolute Frror
(NMAE)
. Lst step 1.1898 0.0855 584 3.8021 1.0298
16th step 45,6813 $.1303 1041.6 84 8871 24538
5 1st step 1.2027 0.1080 940 41700 0.6938
16th step 480858 8.1748 7773 843525 3.1858
; 1st step 1.3399 0.1262 817 41145 1.0006
16th step 40 2480 8.3053 1316.6 844973 25201




Mean | Maximum Standard Normalized
Mean Relative L. Mean
Model mumber Absolute Emmor Absolute Error Deviation
(MAE) Emor (MRE) (MaxAE) Error (SN) Absolute Error
(NMAE)
1st step 1.1754 0.0838 57.8 3.8782 1.0333
16th step 46.0759 6.3502 1060.8 86.7960 230490
1st step 1.1957 0.0953 105.1 41120 0.5983
16th step 47.2486 10.4861 1077.7 847124 24327
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Fig. 10: Power demand prediction for one step ahead of the 5 obtained models
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Fig. 11: Model 1 16 steps ahead power demand prediction
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Fig. 12: Model 1 validation results

5. Conclusions and future work

The obtained RBF ANN shows optinistic results with a simple structure as a method for the prediction of
electric load in one room. The main virtue of this ANN model is its simplicity, which is based on the fact that
the developed tool is very simple and the resources for its application are tiny and available at modern
automation systems. In particular, in order to apply it to a control system. only data from simple sensors and
electric power measurements are required.

Az a future work, another AWNN will be developed in order to predict the HVAC power consumption used for
cooling/heating the laboratory. Moreover. other firture research line is the use of the ANN as the basis of a
control system which, through the ANN model, will be able to maintain the thermal comfort of the users of
building whereas the energy consumption necessary to reach this thermal comfort situation is minimized.
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