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Chapter 1

Introduction

According to the United Nations [32], dense urban zones could offer important op-
portunities for economic development and support a better supply of public services.
Public transportation, electricity, water and sanitation services tend to be cheaper
and less environmentally damaging in these regions than in rural areas. Furthermore
urban planning oriented to the construction of new cities (or densification of current
ones) requires a robust scenario analysis. Such certainty levels should accurately
depict the requirements of future city dwellers [84].

Electricity demand in urban regions has increased proportionally to its population
growth [91]; nevertheless, this demand experiences a high short-term variation, as a
consequence of the tendencies of industry, commerce and residential activity in each
specific case [11, 19]. Moreover, factors such as weather, building geometry, time
of day and even others like building occupancy or day of the week can affect the
variation in patterns of accumulated energy consumption across the buildings of an
urban region [7, 96, 13]. Based on these considerations, it is desirable to propose
forecasting models able to predict the energy demand of one or more structures,
intended to support public policies for generation and distribution of electric energy.

Both the future supply of electric energy and the real-time management of elec-
tricity generation and distribution in certain conditions, highly require the best fore-
casting tools to depict different scenarios and to support decision making and plan-
ning in the urban planning scope [30]. In order to identify the model that best fits
the available data to provide reliable forecasts, it is necessary to compare different
approaches and describe the advantages and disadvantages of each one and with the
purpose of objectively choose the best option.

Stochastic models, s.a. the “ARIMA family”, are a common choice in the spe-
cialized literature since they provide uni- and multivariate frameworks to perform
prediction tasks. In the same fashion, recent works adopt Deep Learning based
models (i.e. deep neural networks) s.a. recurrent neural networks (RNN), to address
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2 CHAPTER 1. INTRODUCTION

the same kind of forecasting problems, also addressing the issue of collective energy
demand forecasting using a single common model for the entire urban region under
study.

This project approaches the comparison of energy demand forecasting models
in tropical cities. The forecasting models under evaluation are based on stochastic
methods (SARIMA) and neural networks (autoregressive and RNN models). The
design, training and evaluation of the hybrid models use both metered (energy con-
sumption) and simulated (building features) data from the city of Singapore, on a
single-building basis for different building types.



Chapter 2

Literature review

The literature review is divided in three sections. The first one is related to the
forecast tools for stochastic time series including ARIMA family models and machine
learning based models. The second section is related to different approaches of
buildings energy consumption modeling. The final section shows the most related
works exposing relevant information for this study.

2.1 Time series analysis and forecasting

A wide variety of techniques has been used for forecasting time series in many fields
of knowledge. Moscoso-López et al. [76] used RNN and support vector regression
to predict the air pollution. Wang et al. [119] used RNN and ARIMA models to
forecast hydrological time series. Cogollo et al. [23] used NN to forecast non-linear
time series with moving average components. Zheng et al. and Nyaramneni et al.
[129, 80] used some of those machine learning techniques for predicting the traffic
congestion using deep learning models and stochastical approach. All of the above
are a small sample of the possible applications of forecasting techniques in diverse
areas of study.

Usually, forecasting models are trained and validated by splitting the dataset
into a training set and a testing set. The training set allows the application of a
“learning” process, changing the values of the model internal parameters. Once the
model is trained so its output is consistent with an expected behaviour defined by
the training samples, the testing stage starts and the model prediction is compared
to the real values for each testing sample, allowing a quantitative evaluation of the
model performance in training and testing phases.

Some of the metrics used to compare model performances are based on error,
such as the root mean squared error, RMSE (2.1), the mean absolute error, MAE
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4 CHAPTER 2. LITERATURE REVIEW

(2.2), the mean percentage error, MPE (2.3), and mean absolute percentage error,
MAPE (2.4). All of these metrics only tend to reduce the dissimilarity presented in
the predicted and the real values.

RMSE =
√

mean((yt − ŷt)2) (2.1)

MAE = mean(|yt − ŷt|) (2.2)

MPE = 100 ∗mean((yt − ŷt)/yt) (2.3)

MAPE = 100 ∗mean(|(yt − ŷt)/yt|) (2.4)

2.1.1 ARIMA family models

The basic ARIMA model proposed by Box and Jenkins [15] considers a linear combi-
nation of autoregressive (AR) and moving average (MA) terms to make a prediction
of future values for a time series. The complete model also includes a differencing (I)
process to remove tendencies and make the time series more similar to a stationary
process. The aim of this model is to find the amount and values of the factors for
each component AR (denoted with p), MA (denoted with q) and the number of
differences to apply (denoted with d). The equations related to the ARIMA model
are as follows [55]:

yt = c+ φ1 ∗ yt−1 + φ2 ∗ yt−2...+ φp ∗ yt−p + εt (2.5)

yt = c+ εt + θ1 ∗ εt−1 + θ2 ∗ εt−2 + ...+ θq ∗ εt−q (2.6)

y′t = yt − yt−1 (2.7)

y′t = c+ φ1 ∗ yt−1 + ...+ φp ∗ yt−p + θ1 ∗ εt−1 + θq ∗ εt−q + εt (2.8)

with yt as the time series prediction at time t and ε as the forecast error. Equation
(2.5) corresponds to a stationary AR model, (2.6) is a stationary MA model and
(2.7) expresses the differentiation of the time series. The expression (2.8) represents
the entire ARIMA model. Using the backshift operator notation in (2.9) and (2.10),
the ARIMA model can be expressed by (2.11) as follows:

(B)yt = yt−1 (2.9)

y′t = yt − (B)yt = (1−B)yt (2.10)

(1− φ1(B)− ...− φp(Bp))(1−Bd)yt = c+ (1 + θ1(B) + ...+ θq(Bq))εt (2.11)

The Seasonal ARIMA (SARIMA) model was proposed by Box and Jenkins as a
stochastic approach for regression and forecasting of time series exhibiting seasonal
periodicity. This model includes seasonal lag terms, denoted with P for the AR
component, D for the differences and Q for the MA component. Thus the factors for
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seasonal and non seasonal phenomena can be expressed as follows in the equation
(2.12) that shows the SARIMA equation:

(1− ...− φp(Bp))(1− ...− ΦP (BPS))(1−Bd)(1−BS)yt =

(1 + ...+ θq(Bq))(1 + ...+ ΘQ(BQS))εt
(2.12)

SARIMA models include a representation of the time series seasonal behavior
by adding an extra linear combination of coefficients related to the seasonal period
(denoted with S) of the time series under consideration. The number of terms for
each of the components -stationary and seasonal- is estimated by examining the
autocorrelation (ACF) and partial autocorrelation (PACF) functions.

Figure 2.1: ACF and PACF for energy consumed in one building. Source: author

Thus, the model is defined by six parameters and the seasonal length value:
(p, d, q)(P,D,Q)S , where the lowercase variables correspond to the stationary com-
ponent and the uppercase variables to the seasonal component. In this model the
values for the parameters can be calculated following maximum likelihood. Using
the Newton’s method for maximizing the log-likelihood solving the equation (2.13):

δ1(ψ) =
δ logL(Yn|ψ)

δψ
= 0 (2.13)

Considering the likelihood as the value that holds the largest probability of oc-
currence for a set of given parameters, the equation that rules that concept is (2.14):

L(Yn) = p[y(t1)]p[y(t2)|y(t1)]...p[y(tn)|y(t1), ..., y(tn−1)] (2.14)

The information criteria is another common tool used to determine the simplest
forecasting model i.e., the model with the lowest amount of terms but the lowest
prediction error. Akaike’s Information Criterion (AIC) and its corrected version
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(AICc), suggested for ARIMA models [55], can be written as follows in equations
(2.15) and (2.16):

AIC = −2log(L) + 2(p+ q + k + 1) (2.15)

AICc = AIC +
2(p+ q + k + 1)(p+ q + k + 2)

T − p− q − k − 2
(2.16)

With T as the size of the sample used for estimating the model. Another criteria
can be used for choosing the simplest model: the Bayesian information criterion
(BIC), also based on the AIC and its equation (2.17) is as follows:

BIC = AIC + [log(T )− 2](p+ q + k + 1) (2.17)

Statistical models have been used for predicting certain kind of phenomena.
Zhang [127] used ARIMA models in Canadian lynx data, sunspot data and British
pound to US dollar exchange rate data, comparing the performance with a combi-
nation with NN. Smith et al. [114] implemented SARIMA models to forecast the
traffic flow in London. Kavasseri et al. [63] executed an adaptation of the ARIMA
model to forecast the wind speed. Contreras et al. [24] applied ARIMA models to
predict the electricity prices in Spain and California. And Serrano-Guerrero et al.
[109] used ARIMA model to predict electric demand in buildings in Ecuador and
Spain.

2.1.2 Deep learning techniques

Two of the main goals of machine learning algorithms are the classification and/or the
regression of real data [43]. There are several tools for each task: nearest neighbors,
logistic regression, support vector machines (SVM), decision trees and NN are used
for classification. Linear regression, non-linear regression, random forest (RF) and
also NN are models used for prediction and allow the forecasting of univariate and/or
multivariate time series. However, NN have shown good forecast performances for
linear and non-linear time series in different contexts [34, 76, 119].

The idea of a NN emerged from a model of the human neuron, the “perceptron”:
proposed by Rosenblatt [98]. This model uses a simple equation (2.18), where z is
the result of a linear combination of inputs X multiplied by a set of weights W and
b a bias added. The combination of a set of perceptrons (also called neurons, nodes
or cells) to work in parallel is called a “layer”. The result of a single neuron or a
whole layer feeds the following layer or node using a non-linear activation function
such as the rectified linear unit, ReLU (2.19), the sigmoid function (σ) (2.20), the
hyperbolic tangent (tanh) (2.21), among others, obtaining the output (2.22) of the
NN.

z = (WX + b) (2.18)
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ReLU(x) = max(x, 0) (2.19)

sigmoid(x) =
1

1 + exp(−x)
(2.20)

tanh(x) =
1− exp(−2x)

1 + exp(−2x)
(2.21)

output = activation(W (h)z + b(h)) (2.22)

Figure 2.2: Multilayer perceptron structure. A NN with 3 hidden layers, 4 inputs
and 1 output. Source: own ellaboration.

As shown in figure 2.2 the output can feed a next layer. Applying this process
subsequently to the further layers until the last one is reached, the final output of the
NN is obtained. This is the structure of a general deep NN also called a multilayer
perceptron (MLP). Then the final output is compared with the real values using the
loss function defined (MSE, MAE, etc.) finishing the forward propagation process.
After that, the back propagation process updates the weights of each layer. The
updating starts from the last output of the NN, using the gradient descent (2.23) to
optimize the loss function or some others adaptations of the optimization algorithms
like the Adam [66] or Adagrad [31] among others.

wi,j = wi,j − α
δe

δwi,j
(2.23)

Some of the descriptive characteristics of the NN models, also called hyperpa-
rameters, for adjusting a proper model were mentioned above (optimizer, activation
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function, number of layers, number of nodes), however there are some others features
that can be tuned to help the model to obtain better performance or shorter training
times. That is the case of normalization, which helps the layer weights to remain
small and avoids the gradient exploding the weight values, also helping to speed the
training stage. Dropout is other tool for generalizing the model in training stage. It
consists on randomly eliminating a certain percentage of nodes in order to make the
model choose better values for the weights, helping avoid over fitting [126].

One of the variations of the NN that has been used in time series forecasting is
the RNN. This kind of model uses the previous values of the time series and recall
the effect of past data on the prediction. Two of the RNN adaptations are the gated
recurrent unit, GRU [20], and the long-short term memory, LSTM [51]. The first
one as a simpler version of the last one. The structure of a single LSTM cell is shown
in figure 2.3 and the equations related to the input (2.24), forget (2.25) and output
(2.26) gates, candidate memory (2.27) and memory cell (2.28) are as follows:

It = σ(XtWxi +Ht−1Whi + bi) (2.24)

Ft = σ(XtWxf +Ht−1Whf + bf ) (2.25)

Ot = σ(XtWxo +Ht−1Who + bo) (2.26)

C̃t = tanh(XtWxc +Ht−1Whc + bc) (2.27)

Ct = FtCt−1 + ItC̃t (2.28)

Figure 2.3: LSTM cell inner gates and operations. Source: Zhang (2020), adapted
with permission.

Just like other forecasting tools, NN had been used in a wide variety of fields.
Elsheikh et al. [34] used LSTM configuration for forecasting the freshwater yield
from a solar still. Moscoso-Lopez et al. [76] and Hepziba et al. [49] used NN, SVM
and LSTM to predict the hourly air quality index. Zheng et al. [129] used DNN
to forecast traffic flow in large and medium cities. Kumar et al. [67] used RNN to
predict Uber demand using daily data and weather information.



2.2. BUILDING ENERGY CONSUMPTION MODELING 9

2.2 Building energy consumption modeling

Urban planning in highly populated areas is one of the main issues for decision mak-
ers, and it gets even more relevance in places with constrained land availability. In
such context, the resource demand for different goods and services should be accu-
rately estimated. Indeed, electric generation and distribution is critical for decision
making at urban scale, since a reliable electric power supply must be guaranteed to
keep the city economic activity running without discontinuities [36]. This service is
in the heart of every sector of modern economies [56].

Besides the demand boost related to end-user applications, resulting from the
massification of specific services (e.g., the Internet) and electronic devices like cell
phones, laptops, tablets, etc. [26], the economic growth related to industrial, com-
mercial and public sector activities creates a new challenge: satisfying the increasing
demand while reducing the energy production costs and environmental impacts.

The electric energy demand exhibits different temporal patterns according to
the specific usage associated for each activity and the place where it is carried out.
Usually, morning hours present higher consumption levels than night hours, yet
residential buildings experience demand peaks before and after the workday, while
commercial, industrial and public sector structures are the opposite. Furthermore,
the usage, architectural and geographical features of the buildings are tightly related
to their electric energy requirements [79, 96, 120]. Energy consumption in buildings
has gained great importance in the last decades due to its considerable share in global
energy demand [88, 72, 69].

These consumption patterns are a key research issue in the related literature.
Mohsenian-Rad et al. [74] considered a time varying energy pricing for encouraging
people to reduce the energy demand in specific hours of the day usually associated
to the peak demand hours. Another related approach was proposed by Paatero [85]
who concluded that the energy demand varies according to human behavior and
appliance usage. Similar conclusion was made by Richardson [96] who proposed a
model for determining electricity use patterns, all related to the activity profiles and
active occupancy of people in their homes. That proposition stands in a close line
to Shen [113] who considered the intervention on the human behavior for reducing
the energy need in buildings. Even the detection of anomalies in the consumption
patterns is studied [108] in order to guarantee that the time series can be used for
forecasting.

Several methods have been explored to increase the energy efficiency in buildings.
One particular strategy to reduce the required electricity was addressed by Akbari
et al. [5] who considered the use of vegetation for shading properties, evaluating the
impact of urban trees in the temperature perceived and the energy demanded for
heating, ventilation and air conditioning (HVAC) technologies. A related approach
was presented by Sailor [100] who concluded that green roofs can reduce the energy
demanded in some buildings in the United States, according to simulations performed
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to reproduce the behaviour of office buildings in Chicago and Houston.
Other methods study building HVAC technologies, along with other systems, e.g.,

lighting. Zhang [128] recommended the use of heating and cooling storage (LHTES)
to reduce the energy used in buildings. Chua et al. [21] found that almost 50% of
the energy consumed in structures located in tropical areas was related to the HVAC
appliances. More recently, Azaza et al. [9] have stated the use of a combination
of low cost photovoltaic and heat-pump for reducing the electricity demanded in a
single house. Wagiman et al. [118] describes how to reduce energy demanded in
buildings with innovations in lighting control systems.Under this light, the analysis
of electric energy consumption has been also focused on people’s behavior inside
buildings, as shown by Schoetter [104], Wei [122] and Fonseca [37].

Reinhart et al. [95] considered two main techniques for buildings energy consump-
tion forecasting: data driven and physics based models. In that sense, Bourdeau et
al. [13] have shown a detailed explanation of the characteristics of the methods used
in energy consumption forecasting. Including white, gray and black box models and
some of them for buildings classification.

Additionally, several works in the literature have addressed the problem of elec-
tric energy consumption forecasting in buildings at the urban scale from different
perspectives, including building performance simulation [89, 47] and thermodynam-
ics based models [73, 121, 40, 124]. Some approaches apply modeling and simulation
techniques to reproduce the physical interactions between building structure, tech-
nology, users and the environment [102]. Also classifying the consumption in each
kind of buildings, an unsupervised clustering model was tested by Fonseca et al. [38]
suggested that a better prediction can be obtained thanks to a proper clustering in
buildings groups.

Physics based modeling uses the thermodynamics laws and the effect of radiation
and conduction on buildings floor, roof and walls and the variation in inner tempera-
ture [28]. Some others used surrounding characteristics of buildings such as shading
and local wind [90]. Partial differential equations solved with finite-difference meth-
ods were used to model the heat-transfer inside buildings [17]. Moreover a recent
common approach imply the use of GIS data for analyzing and showing the energy
demand information in buildings stocks [53, 106].

2.2.1 The City Energy Analyst

The City Energy Analyst (CEA) [40] is an open-source urban simulation engine
created to assess multiple energy efficiency strategies at different urban scales, i.e.,
building, neighborhood or city districts. This versatile tool allows city planners
to simulate the energy demand of multiple buildings and find the optimal energy
conversion systems for a district.

The CEA integrates a GIS extension for visualizing the spatiotemporal data and
the distribution of the optimized systems. In addition, it also includes a way to see
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the time series in buildings or districts and comparative graphics for the scenarios
performance. In order to achieve this the CEA uses physical thermodynamical mod-
els and stochastical approaches to calculate the energy demand in a building or in a
city.

The CEA is aimed to use exogenous and endogenous variables of one particular
building or multiple buildings configuration and predict the individual or global
power demand in different scenarios. This tool also considers the whole electricity
distribution system showing the effects of future implementations in the regions
environment.

The data that can be obtained from the CEA is based on the combination of all
of the above mentioned considerations and even including negative effects of small
disturbances such as air infiltration [44] or microclimate effect on the energy demand
[78]. As a result, the data generated by the CEA is aimed to improve a forecasting
model thanks to its precision.

2.3 Related works

Many researchers have analyzed methods for building energy demand prediction.
Serrrano-Guerrero et al. [109] compared stochastic models like Holt-Winter with
the ARIMA model appropriating a better performance for the ARIMA model in the
three metrics used (MAE, MAPE and RMSE) and concluding that the prediction of
the ARIMA models could be improved incorporating clustering techniques, seasonal-
ity analysis and artificial intelligence methods. Kim et al. [65] used linear regression
and NN to combine the exogenous features included: temperature, humidity, solar
irradiance, cloud type, wind speed and building occupancy (the last one measured
with thermal sensors). For model comparison, the normalized mean bias error and
the coefficient of variation of the RMSE were calculated, obtaining better perfor-
mance for linear regression on the non-working days data but better results during
working days using NN. It was found that the occupancy strongly dominates the
electricity consumption while temperature and humidity also affect the results, to a
lesser extent.

Amber et al. [7] implemented multiple regression, NN, DNN, and SVM with
exogenous variables on a daily basis: temperature, solar irradiance, humidity, wind
speed and a binary value for weekday or weekend. According to the performance,
in the metrics considered (RMSE, MAE, MAPE and normalized RMSE), better
results were provided by NN model, considering that this study was run on a single
building. To summarise, the results of DNN were not as promising as expected due
to the limited amount of data used and a slightly higher prediction for non-working
days was also encountered.In the same way, Ruiz et al. [99] implemented a non-linear
combination of AR terms using a NN architecture and also combining that model
with exogenous variables (e.g., temperature). MSE was used as the performance
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metric for training and testing sets (divided in 70% and 30% respectively). For the
whole 8 buildings configurations from 2 to 20 neurons were tested and concluded
that NARX networks furnish a better performance thanks to the exogenous data
that also helps to decrease the network complexity and the amount of data used for
forecasting.

Liao et al. [68] compared linear regression, RF, SVM,NN and RNN using variables
like air pressure, temperature, humidity, wind speed, rainfall, sunshine hours, month,
building orientation, floor and area because of the use of rooms consumption instead
of whole building approach. Several hyperparameters for the NN based models were
tested, including variations in nodes (32 to 512), layers (1 to 5), epochs (30 to 50),
activation functions (tanh, ReLU), optimizer (nadam, adam, rmsprop), batch length
(32 to 128) and dropout (80% to 100%). The metrics used for models comparison
were RMSE, MAE and the R2 concluding that the best performance was achieved
by the RF followed by the RNN and suggesting that a more robust model can be
obtained with data from diverse buildings. Rahman et al. [93] used NN and RNN
with variables like temperature, humidity, hour of the day, day of the month, day of
the week, weekend alert and a fast Fourier transformation of the HVAC consumption
profiles. Mixed NN architecture were carried out, combining LSTM cells and a couple
of MLP at the end of the model and RMSE was used as the performance metric.
Better results were obtained using the RNN cells than a 3 layers MLP in commercial
buildings.



Chapter 3

Objectives

3.1 Objectives

3.1.1 General objective

To compare the performance of stochastic and deep learning models for electric
energy consumption forecasting in tropical city buildings.

3.1.2 Specific objectives

• To select the relevant variables representing building electric energy demand
for metered and simulated data from Singapore for the year 2016.

• To design a stochastic model based on time series analysis for energy consump-
tion forecasting.

• To design neural network models based on Autoregressive and Recurrent Neural
Networks for energy consumption forecasting.

13





Chapter 4

Methods

4.1 Data description and pre-processing

4.1.1 Data description

All data used in this work belongs to the CEA research team [22]. The metered
data was acquired in the facilities of the Nanyang Technological University (NTU)
of Singapore, with a total of 40 buildings, while the simulated data was generated
for the same buildings by the CEA team. Consequently, there were four different
sources of data:

• Electricity consumption: hourly measured in the 40 buildings in the NTU. The
total of variables was 1 for this database. This is the variable to forecast. An
example of its behavior is shown in figure 4.1.

• Weather data: obtained from a weather station at the NTU. The dataset con-
tains features like solar radiation, dry bulb temperature, relative humidity,
wind speed among others. The total of variables was 36 for this database.

• Geometric data: features like buildings height, length, width and footprint
were included for the 40 buildings. Additionally a set of proportions of the
uses encountered in each building were considered. Some buildings have mixed
uses like schools, offices and laboratories while some others have adopted just
one use (e.g., residential, restaurant, retail, etc.). The total of variables was 13
for this database.

• Simulated data: generated from the CEA simulation tool for the 40 buildings
in the NTU. These features included people inside the building, inner rela-
tive humidity, energy consumed by buildings appliances, indoor temperature,
among others. The total of variables was 120 for this database.

15
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Table 4.1: Time features used.

Name Description Values
Holiday Alert Varies for Saturdays

and Sundays
Weekday=1; Saturday=2;
Sunday=3

Weekdays One value for each day
of the week

Monday=1; Tuesday=2;
Wednesday=3 ...

Hour of the day Starting from 1:00 am From 1 to 24

Time features were used as linking elements. Variables like hour of the day and
day of the week helped to define the exact moment of the measured or simulated
variables; in sense, a weekend mark for Saturdays and Sundays were also considered
and included in the time database. A brief summary of the time variables included is
shown in Table 4.1. Thus, all data in the study correspond to hourly acquisitions or
simulations for a calendar year. All data begins in January 1st and ends in December
31st of 2015.

Figure 4.1: Scaled values for two-week energy consumption in a set of buildings.

4.1.2 Data pre-processing

As shown in figure 4.1 the demanded energy exhibits both daily and weekly seasonal
behavior. The lower consumption values in most of the time series correspond to
weekends, and the five peak values, to the maximum energy consumed during week-
days. Due to the fact that Singapore is located in a tropical region, there are no
noticeable seasonality at other time scales. Following this behavior, the inclusion of a
variable that represents weekends alert helps the model to obtain a better prediction.

To analyze the uni-variate linear and non-linear models it is not necessary to
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perform any pre-processing stage with the energy consumed in the 40 buildings.
Some examples of energy consumption patterns can be found in the seasonal plots of
figure 4.2 that shows 24 hour of consumption along the year. Notorious differences
can be found between the three buildings related; as for building B200, it could be
appreciated the difference between weekdays high consumption and weekends lower
values (in red and black). Similar patterns are found in building B131 that, in
spite of taking into account variations among the year, they allow the conclusion
of evident consumption patterns. However, there were also found buildings which
do not determine a differential behavior during the days of the week; for instance
building B011.

(a) Building B011 (b) Building B131 (c) Building B200

Figure 4.2: Seasonal plots for energy consumption in three buildings

On the other hand, in the multivariate NN based models there is necessary to
reduce the amount of variables to be included for forecasting. As mentioned above,
the amount of variables to be considered are more than 150, but not all of them are
useful to get a proper prediction. In that order, a selection criteria was applied to
each dataset to use just the most relevant variables. The higher correlation values
for the input variables with the energy consumed determined the inclusion of the
feature in the input list.

From the weather dataset 8 features were removed, since they had NULL values.
With the remaining features, Pearson correlation tests were performed between them
to avoid highly similar inputs that could introduce some noise to the prediction
model. The threshold for high correlation between variables was defined in 0.8.
The variables with higher correlation than the defined threshold are considered as
highly crossed correlated. Most of the weather variables with high crossed correlation
values were represented by a closely related physical phenomena (e.g., radiation and
illuminance), exhibiting small variations between them (e.g., horizontal, direct or
diffuse), so that only the most representative variable for each group was included.

Nevertheless, two particular variables: dry bulb temperature and relative humid-
ity, that also had high crossed correlation value, were included in the list of inputs
of the model, since they have different underlying physical phenomena. The weather
features that accomplish both correlation conditions (high with energy consumed
and low among them) were used to formulate the model and are listed in Table 4.2.
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Table 4.2: Weather features used.

Name Description Unit Values
Dry.Bulb.
Temp

Temperature measured
in dry conditions

◦ C 18 to
40

Relative Hu-
midity

Relative Humidity % 30 to
100

Extraterres-
trial Hor-
izontal
Radiation

Solar radiation re-
ceived on a surface
normal to the rays of
the sun at the top of
the atmosphere

Wh
m2 From 0

Figure 4.3 shows the daily behavior of the weather data included along the year.
It can be seen that the temperature and the humidity present notorious variations
over time, however a pattern can be identified for each feature. On the other hand
the Extraterrestrial Horizontal Radiation concur with the tropical (and very close
to Ecuator line) location of Singapore, showing almost no variation on sunrise and
sundown hour over the year.

(a) Dry bulb temperature (b) Relative Humidity (c) Horizontal Radiation

Figure 4.3: Seasonal plots for weather variables included in the forecasting models

For the geometric dataset, the footprint of each building was used as a single
representation of their dimensions (i.e., area, floors, width, etc.). To simplify the
geometric data, those features were summarized in seven variables. These variables
were created from the buildings usage proportions (see figure 4.4) multiplied by its
footprint. In that order, these features represent the footprint proportion for every
use in each building. This follows the idea that different uses have different electricity
consumption behavior. The variables related to the geometric features used for the
forecasting models can be found in Table 4.3.
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(a) Building B097 (b) Building B200

(c) Building B221

Figure 4.4: Use proportions for three buildings.

Table 4.3: Geometric features used.

Name Description: Footprint
fp.school Proportion dedicated to school
fp.office Proportion dedicated to office
fp.retail Proportion dedicated to retail

fp.restaurant Dedicated to restaurant
fp.multi res Dedicated to multiple residential
fp.library Proportion dedicated to library

fp.lab Proportion dedicated to lab

With the idea of guaranteeing that all buildings had the same input data, the
simulated dataset was analyzed and found that a total of 28 variables were available
for the whole 40 buildings set. Using the same procedure exposed previously, Pearson
correlation tests were performed between these variables; some of them had higher
crossed correlation values and, as in the weather dataset, only the most representative
variables were included. A total of eight variables remained to be included in the
forecasting models. These features are shown in table 4.4.
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Table 4.4: Simulated features used. Variables names are the same as in CEA.

Name Description Unit Values
People People inside the building From 0
x int Indoor relative humidity % From 0
Eal kWh Electricity consumption of

appliances and lights
kWh From 0

Qcs sen
sys kWh

Total sensible cooling de-
mand for all systems

kWh From 0

Qcs lat
sys kWh

Total latent cooling de-
mand for all systems

kWh From 0

Q gain sen
vent kWh

Sensible heat gain from
ventilation and infiltration

kWh From 0

I sol and
I rad kWh

Net radiative heat gain kWh From 0

T int C Indoor temperature ◦C From 0

Figure 4.5 shows some of the simulated variables enclosed in the forecast models.
It can be identified how some variables work with discrete values due to the own
nature of the variable; whereas for example, in the case of indoor temperature,
HVAC systems ensure steadiness. As a consequence, it is pretended to interpret
outdoors and indoors temperature variations and relate them to crescent energetic
demand.
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(a) Simulated people inside building (b) Indoor relative humidity

(c) Energy demand of appliances (d) Sensible cooling demand

(e) Latent cooling demand (f) Sensible heat from ventilation

(g) Radiative heat gained (h) Indoor temperature

Figure 4.5: Simulated variables for building B002.

All models under evaluation used a scaling process. The Box-Cox transformation
[14] was applied for the ARIMA model using the BoxCox function from the forecast
package [54] in R. For all NN based models, the scaling process was implemented by
using the MinMaxScaler function of the Scikit-learn package [86] in python.
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An additional step is required for the RNN model implementation, these methods
require time series as inputs. Using the main periodicity of the energy time series
(24 hours), the input and output variables were sorted to obtain 24 hours of input
data for each feature and also the following 24 hours of energy demand as output.

4.2 Implemented models

In this section, the models used to obtain the prediction of energy consumed are
explained considering the previous pre-processing step. Two kind of models were
implemented. The uni-variate models that used the energy demanded time series as
input were divided in two: the linear, based on the ARIMA family model; and the
non-linear, based on a NN configuration with AR terms as input. The multivariate
models implemented were based on DNN models using the exogenous variables as
input: the first one based on a MLP and the last one based on LSTM cells architec-
ture.

4.2.1 Univariate linear model -SARIMA-

The Seasonal ARIMA (SARIMA) helps the time series forecasting when there are
evident seasonal patterns. In this case it is important to identify the main periodicity
of the time series. There are cases when the time series has more than one periodicity.
Sometimes numerous seasons are closely related, under this light it could be said that
one season effect is multiple of another effect e.g., a weekly seasonal behavior can be
considered as seven daily seasonal effects. In this case, the main periodicity is the
daily one.

To determine the main periodicities, the energy consumption time series were
plotted, and two seasonal periods were found: daily and weekly (see figure 4.6). The
daily periodicity was considered as the main seasonal effect for the time series and
according to this, the SARIMA model used 24 hours as the S component.

(a) Weekly behavior (b) Daily behavior

Figure 4.6: Energy consumption patterns for building B096

The data was transformed into time series objects with a frequency of 24 hours
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by the ts function from base package in R. The Box-Cox transformation requires a
lambda parameter. This value was auto-determined by the BoxCox.lamba function
of the forecast package.

A discrete differencing step was used to transform the data into stationary pro-
cess. To define the number of required differences, the ndiffs and nsdiffs functions
(from the forecast package) were implemented for non-seasonal and seasonal dif-
ferences respectively. Once the differences were applied, the time series became
stationary and non-seasonal. Then, the ACF and the PACF were plotted (see figure
2.1) to determine, by visual inspection, the number of autoregressive and moving
average terms for both non-seasonal, first few lags, and seasonal components, as the
multiples of the season lags [15]. Figure 4.7 shows the transformation stages of the
time series for a single building.

(a) Original data (b) Box-Cox Transformed (c) Differenced data

Figure 4.7: Energy consumption time series transformation for building B116.

Finally, with all the parameters needed to calculate the coefficients, the arima
function from the forecast package in R was used to obtain the value of the model
coefficients, using the same 70% of the data as training set. Once these values were
obtained, the predicted values were calculated with the forecast function.

4.2.2 Univariate non-linear model -NAR-

For the non-linear univariate model implementation, a basic configuration of NN was
deployed. Within the purpose of comparing used hyperparameters, grid research
methods were applied. Thereby, in order to avoid underfitting or overfitting due
to extremely low or high nodes usage, the number of inputs was used to define the
number of nodes for each layer in the NN: in one scenario the number of nodes
per layer was equal to the number of inputs. Two more variations were made: one
includes 10 extra nodes. Another one excludes 10 nodes from the initial number of
inputs.

The number of layers in the model was defined according to the architecture
proposed by Ringwood et. al. [97] and Rahman et. a.l. [93]. Then, 5 layers were
chosen as the base model, and NN architectures scenarios were defined by adding 3
layers to the base model, and by removing 3 layers from it.
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All layers were normalized by using the batch normalization function from the
TensorFlow API [1] to increase the training speed. The ReLU activation function
was selected for all hidden layers. Linear activation function was used for the output
layer. Following the work of Goodfellow [43], a random mini-batch training was
implemented to improve the training process convergence, with a batch size of 256
train samples. The number of epochs for all the scenarios was 300. The learning
rate for the Adam optimizer was set to 0.003 and Mean Squared Error (MSE) was
selected as loss function. Table 4.5 summarizes the architecture parameters under
evaluation.

Table 4.5: Hyperparameters variation for univariate non-linear model

Layers Nodes Output
2 14 1
5 24 12
8 34 24

Hidden layers weights were initialized using a hundredth of random values with
standard normal distribution, assuring proximity to 0. For each layer, a normaliza-
tion stage was included, having as parameters the mean and standard deviation of
mentioned layer values.

The data were split in 70% for the training dataset and 30% for the testing
dataset and shuffled with the train test split function, to guarantee that the training
set has examples from different hours of the year.

4.2.3 Multivariate model with DNN -NARX-

Previously selected variables were introduced to multivariate models and a couple
scenarios were tested: whether to include simulated variables or not, since the last
ones had not been contemplated in the literature review and are believed to grant a
notorious advantage at the moment of achieving an appropriate forecast.

To include the physical characteristics of the buildings that are constant along
the year (such as the geometric features), they were repeated for every hour of the
year in each building dataset. Thus, each element from the training and testing sets
must have the input parameters.

Another group of variations was also taken into consideration. With the purpose
of establishing if AR terms contribute to enhance the models development, as shown
by Ruiz et. al. [99], with the NARX model, the following variations were added:
zero AR terms, twelve AR terms and twenty-four AR terms.

Once inputs, outputs and train and test sets were defined for each building, all
these sets were stacked to obtain a general dataset for all the buildings in the study.



4.2. IMPLEMENTED MODELS 25

After dividing the data into training and testing sets, they were shuffled allowing
training samples from all buildings homogeneously.

Table 4.6: NARX model architecture parameters in this study.

AR input CEA vars Layers Nodes variation Output
0 Yes 2 -10 1
12 No 5 0 12
24 8 +10 24

4.2.4 RNN model implementation

For the RNN model implementation, the TensorFlow API was used. The number of
time steps ahead selected for the forecasting evaluation was set to 24 hours; subse-
quently, every feature was reshaped to include 24-time steps in the time dimension.
With this choice, there was the chance of making the output overlap on the 24-time
step; then, to make comparable the RNN forecasts with their NARX counterparts
(where we generated the energy demand of every building in time-windows of 1 and
24-hours), the time steps of the output were overlapped 23 and 0 hours, generating
1 and 24 new hours ahead as outputs. The datasets were sorted properly for each
building with the same proportions for training and testing sets (70% for train, 30%
for test), and stacked to include all buildings. The LSTM cell was selected for the
RNN architectures. The number of cells or nodes was set based also on the number
of input features, with the same variations as in the previous model exploration (by
adding or removing 10 nodes), as well as the number of layers (2, 5 and 8 layers).
The Adam optimizer and the MSE loss function were used to train the model with
random mini-batches. Table 4.7 shows the architecture parameters used to build
RNN models in this work.

Table 4.7: RNN model architecture parameters in this study.

CEA vars Layers Nodes Output
Yes 2 -10 1
No 5 0 12

8 +10 24

4.2.5 Models evaluation and comparison

To evaluate the performance of all models in this study, four metrics were calculated
for each forecasting window length: Root Mean Squared Error (RMSE) 2.1 and
Mean Absolute Error (MAE) 2.2, Mean Percentage Error (MPE) 2.3, Mean Absolute
Percentage Error (MAPE) 2.4 .





Chapter 5

Results

5.1 Dataset

Depending on the NN model to evaluate, a given number of entries should be removed
from the dataset: in the 1 hour ahead forecasting, the inputs belong to time t and
the energy demanded to time t+ 1. In that way, one register is not considered into
the dataset. This procedure applies also for AR terms, where the number added
to the forecasting window, in hours, implies removing the same number of entries.
This consideration also is employed for the RNN models. At the end, the number of
training and testing samples (entries) varies in a range between 8712 and 8759 for
each building (since the hours in a 365-day year are 8760).

5.2 Univariate linear model -SARIMA-

The SARIMA model was run for each building individually because of the high
variability among the building time series values between buildings prevented the
training convergence of a generalized model. The number of stationary and seasonal
terms for a sample of buildings are shown in Table 5.1.

27
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Table 5.1: SARIMA parameters for one subset of buildings.

Component Stationary Seasonal
Building p d q P D Q

B084 2 1 3 2 1 4
B097 2 1 1 2 1 5
B098 2 1 1 2 1 5
B099 3 1 1 4 1 5
B100 3 1 1 3 1 2
B125 7 1 3 2 1 2
B126 8 1 2 2 1 5
B133 0 1 0 1 1 4
B198 8 1 7 2 1 2
B202 4 1 0 5 1 3

It can be seen that some buildings need five or more stationary AR or seasonal
MA terms. The last remark provides the evidences to understand that to accomplish
the forecast using this method, there is an important effect of what happened several
time periods ago. Some groups of buildings need the same number of stationary and
seasonal coefficients; however, the values of each term are not equal and the model
performance exhibits a high variation between buildings with the same number of
terms.

Thanks to the time versatility that this model offer, longer periods enabled not
only forecast for a day, but to a week. The values of performance on selected metrics
in a day (24 hours) forecast are shown in Table 5.2, for a week (168 hours) in Table 5.3.
Performance values from the best forecast models show the same errors between day
and week period, meaning that extending the time does not increase uncertainty and
it remains low. It is noteworthy that only one out of the five buildings did not show a
proper compliance during the week as it was during the day. Figure 5.1 acknowledges
the models recognition of the buildings own consumption patterns. On the other side,
the worst models proceed with results that show percentage errors that go over 50%
or even some cases reach over 100%, stating how individual consumption adjustment
for these buildings is not exceeded with an univariate lineal approximation. These
behaviors are illustrated in Figure 5.2 where daily and weekly adjustments do not
reflect the given base of the consumption pattern.
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Table 5.2: SARIMA forecast for one day ahead.

Building Time window RMSE MAE MPE MAPE
B125 24 h 2.9E-4 2.3E-4 0.02 0.02
B126 24 h 5.5E-4 3.5E-4 -0.01 0.04
B133 24 h 5.3E-4 3.4E-4 0.02 0.03
B198 24 h 4.7E-4 3.9E-4 0.03 0.04
B202 24 h 1.1E-4 8.3E-5 -0.00 0.01

(a) Best forecasting results.

Building Time window RMSE MAE MPE MAPE
B084 24 h 1.1E-1 9.3E-2 -248.30 315.09
B097 24 h 1.3E-1 8.8E-2 12.71 32.98
B098 24 h 1.1E-1 7.3E-2 -57.41 61.11
B099 24 h 2.5E-1 1.9E-1 -69.93 73.24
B100 24 h 3.8E-1 2.9E-1 -105.64 113.02

(b) Worst forecasting results.

Table 5.3: SARIMA forecast for one week ahead.

Building Time window RMSE MAE MPE MAPE
B125 168 h 4.7E-4 4.1E-4 0.032 0.041
B126 168 h 6.0E-4 4.5E-4 0.002 0.045
B133 168 h 5.5E-4 4.2E-4 0.025 0.042
B201 168 h 5.7E-4 5.1E-4 0.05 0.051
B202 168 h 1.9E-4 1.4E-4 0.001 0.014

(a) Best forecasting results.

Building Time window RMSE MAE MPE MAPE
B084 168 h 1.2E-1 9.2E-2 -27.38 111.02
B097 168 h 2.6E-1 2.0E-1 37.37 44.54
B099 168 h 2.6E-1 2.0E-1 -31.30 56.64
B100 168 h 3.7E-1 2.7E-1 -52.56 73.96
B101 168 h 3.0E-1 2.4E-1 53.37 56.02

(b) Worst forecasting results.
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(a) One day ahead for building B133. (b) One day ahead for building B202.

(c) One week ahead for building
B133.

(d) One week ahead for building
B202.

Figure 5.1: Best performance in SARIMA forecast.
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(a) One day ahead for building B084. (b) One day ahead for building B099.

(c) One week ahead for building
B084.

(d) One week ahead for building
B099.

Figure 5.2: Worst performance in SARIMA forecast.

5.3 Univariate non-linear model -NAR-

A MLP based model was run within all buildings as entry data. The 27 different
architecture settings (varying nodes, layers and outputs) were tested. A model was
sought aiming to allow the generalization of forecasts for multiple buildings using
only energy consumption time series as entry. The evolution of loss function for
some models during the training epochs defined are found in Figure 5.4 where there
is expressed the way those models did not have a smooth behavior in the MSE value
descent, and also the Figure 5.3 show models with a smooth and constant one.

(a) Forecast: 1 hour (b) Forecast: 12 hours (c) Forecast: 24 hours

Figure 5.3: Best models loss evolution with NARX.
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(a) Forecast: 1 hour (b) Forecast: 12 hours (c) Forecast: 24 hours

Figure 5.4: Worst models loss evolution with NARX.

Forecast results for 1, 12 and 24 hours are found in Tables 5.4, 5.5 and 5.6. The
average error along with the standard deviation for the training and testing sets
were calculated for the all models under evaluation. Moreover, the performance for
the 2 layers setting presented a high variability due to architecture changes (added
nodes), showing one of the best for no additional nodes but the least for 10 additional.
Alongside for the 12 hours, the best model appears to be 5 layers with no additional
nodes; and the worst is seen over 2 layers with 10 nodes less. Furthermore, error
values tend to increase due to the difficulties forecasting more hours. Lastly, on
the 24 hours side, the previous assertion about forecasting difficulty is confirmed
when error values increase more with the time-lapse. For this case, no 2-layer model
achieved the top performances; signifying the necessity to deepen NN in order to
obtain a better result. The best model was 5 layers and 10 extra nodes; the worst,
2 layers with no additional nodes.
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Table 5.4: Forecasting performance for 1 hour ahead in NAR model.

Lay Nod AR
Train Test

RMSE MAE MPE MAPE RMSE MAE MPE MAPE

2 0 24
mean 2.6E-3 2.6E-3 -16.07 17.15 2.4E-3 2.4E-3 -16.27 17.44
s.d. 4.6E-3 4.6E-3 27.61 26.95 3.1E-3 3.1E-3 30.20 29.54

8 -10 24
mean 2.2E-3 2.2E-3 6.42 8.80 2.3E-3 2.3E-3 6.83 9.12
s.d. 3.8E-3 3.8E-3 11.95 10.33 3.7E-3 3.7E-3 11.95 10.31

8 0 24
mean 2.2E-3 2.2E-3 0.01 6.86 2.2E-3 2.2E-3 -0.09 6.60
s.d. 3.6E-3 3.6E-3 10.95 8.54 3.6E-3 3.6E-3 10.37 7.99

(a) Best forecasting performance.

Lay Nod AR
Train Test

RMSE MAE MPE MAPE RMSE MAE MPE MAPE

2 -10 24
mean 3.7E-3 3.7E-3 22.43 23.68 3.5E-3 3.5E-3 20.68 21.98
s.d. 4.8E-3 4.8E-3 33.27 32.40 4.6E-3 4.6E-3 31.55 30.66

2 10 24
mean 6.8E-3 6.8E-3 -114.9 115.25 6.7E-3 6.7E-3 -115.1 115.3
s.d. 6.2E-3 6.2E-3 212.66 212.46 5.5E-3 5.5E-3 205.98 205.85

5 10 24
mean 3.2E-3 3.2E-3 -44.93 46.19 3.2E-3 3.2E-3 -43.77 45.40
s.d. 4.1E-3 4.1E-3 95.26 94.66 4.2E-3 4.2E-3 90.20 89.39

(b) Worst forecasting performance.

Table 5.5: Forecasting performance for 12 hours ahead in NAR model.

Lay Nod AR
Train Test

RMSE MAE MPE MAPE RMSE MAE MPE MAPE

2 10 24
mean 6.7E-3 5.7E-3 -47.95 52.19 6.2E-3 5.3E-3 -37.45 42.42
s.d. 9.5E-3 8.2E-3 110.28 108.74 8.2E-3 7.1E-3 88.62 86.91

5 -10 24
mean 6.4E-3 5.4E-3 1.46 25.05 6.2E-3 5.2E-3 2.13 27.04
s.d. 9.6E-3 8.4E-3 23.31 30.39 8.6E-3 7.5E-3 25.23 32.60

5 0 24
mean 5.8E-3 4.9E-3 0.36 17.55 5.8E-3 4.8E-3 0.45 16.64
s.d. 8.5E-3 7.4E-3 15.39 17.99 8.1E-3 7.1E-3 13.91 17.48

(a) Best forecasting performance.

Lay Nod AR
Train Test

RMSE MAE MPE MAPE RMSE MAE MPE MAPE

2 -10 24
mean 8.8E-3 7.7E-3 80.75 84.32 8.3E-3 7.4E-3 87.34 90.32
s.d. 1.1E-2 9.1E-3 151.88 150.00 8.5E-3 7.4E-3 162.70 161.12

2 0 24
mean 7.4E-3 6.5E-3 74.98 78.99 7.0E-3 6.1E-3 77.78 80.93
s.d. 9.5E-3 8.6E-3 127.85 125.48 8.4E-3 7.5E-3 131.15 129.30

8 10 24
mean 7.0E-3 6.0E-3 46.53 51.42 7.2E-3 6.2E-3 49.86 53.63
s.d. 7.5E-3 6.4E-3 77.76 75.80 8.1E-3 7.0E-3 78.39 76.55

(b) Worst forecasting performance.
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Table 5.6: Forecasting performance for 24 hours ahead in NAR model.

Lay Nod AR
Train Test

RMSE MAE MPE MAPE RMSE MAE MPE MAPE

5 10 24
mean 6.9E-3 5.5E-3 10.29 29.08 7.0E-3 5.6E-3 10.82 29.10
s.d. 8.0E-3 6.3E-3 25.16 38.34 8.9E-3 7.2E-3 25.24 33.64

8 -10 24
mean 8.5E-3 6.9E-3 -2.70 34.57 7.9E-3 6.4E-3 -1.42 32.49
s.d. 1.1E-2 8.5E-3 37.01 41.30 9.4E-3 7.6E-3 39.19 42.19

8 10 24
mean 7.2E-3 5.8E-3 11.84 34.12 7.2E-3 5.8E-3 13.44 32.84
s.d. 7.5E-3 6.0E-3 26.35 53.02 8.1E-3 6.5E-3 28.86 47.25

(a) Best forecasting performance NAR.

Lay Nod AR
Train Test

RMSE MAE MPE MAPE RMSE MAE MPE MAPE

2 0 24
mean 8.4E-3 7.0E-3 -71.60 75.96 8.7E-3 7.2E-3 -70.13 74.77
s.d. 8.7E-3 6.9E-3 111.38 109.32 1.0E-2 8.2E-3 118.72 116.42

2 10 24
mean 8.1E-3 6.8E-3 -23.56 32.85 8.4E-3 7.1E-3 -23.33 32.90
s.d. 1.0E-2 8.5E-3 41.53 42.16 1.0E-2 8.5E-3 53.22 54.00

5 -10 24
mean 7.9E-3 6.3E-3 -2.15 30.76 8.8E-3 7.1E-3 0.22 28.25
s.d. 9.5E-3 7.5E-3 27.32 35.23 1.2E-2 9.7E-3 25.19 32.50

(b) Worst forecasting performance.

Figures 5.5 and 5.6 exhibit some consumption forecasts for the different time
windows. Each forecasts performance is depicted. In some cases, forecasts results
take serious approach to the real building behavior; however, the worst models found
do not permit a consumption pattern prediction.
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(a) Best 12 hours forecast in train set (b) Best 12 hours forecast in test set

(c) Worst 12 hours forecast in train
set

(d) Worst 12 hours forecast in test
set

Figure 5.5: Forecasting performance on NAR model for 12 hours prediction.
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(a) Best 24 hours forecast in train set (b) Best 24 hours forecast in test set

(c) Worst 24 hours forecast in train
set

(d) Worst 24 hours forecast in test
set

Figure 5.6: Forecasting performance on NAR model for 24 hours prediction.

5.4 Multivariate non-linear model -NARX-

There were a total of 108 NARX models tested. All buildings were used as entry
data divided into train and test sets (70% and 30% respectively). These kind of
models work with the purpose of achieving the energy demand forecast using different
variables from the energy consumption time series. AR values inclusion was verified
to evaluate the forecast performances improvement. In the same way, it is intended
to enhance that improvement with the CEA Simulation tool variables. Variations
in layers, nodes and inclusion or exclusion of mentioned variable groups were also
tested. Some models training evolution can be perceived in Figures 5.7 and 5.8. In
addition, Figure 5.7b shows an anomalous behavior as the loss function descent halts
to ascend quickly, and then, descend further again even more. In spite of that, as
well as the images that accompany this last one, it is shown a constant descent in
the loss function, allowing to understand that the models are in a learning process
for interpreting the energy consumption patterns. It can also be argued that Figure
5.8 depicts erratic behavior on the loss function descent curve until it reaches growth
in a function that was minimizing (see Figure 5.8c). This particular situation is
presented on the model with the least amount of layers, nodes and entry variables.
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(a) Forecast: 1 hour (b) Forecast: 12 hours (c) Forecast: 24 hours

Figure 5.7: Best models loss evolution with NARX.

(a) Forecast: 1 hour (b) Forecast: 12 hours (c) Forecast: 24 hours

Figure 5.8: Worst models loss evolution with NARX.

Error results are registered in Tables 5.7, 5.8 and 5.9. A frequent presence of two
kind of variables is recognized in the best performance models: AR terms and CEA
variables. It has been also detected an increase over the forecast errors values since
the lengthened time lapses, in spite of this, in comparison to the NAR model, the
variations are still lower. For all the forecast time windows, models of 2 layers, 10
nodes less and no CEA variables are settled into the worst performance models.
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Table 5.7: Forecasting performance for 1 hour ahead in NARX model.

Lay Nod AR CEA
Train Test

RMSE MAE MPE MAPE RMSE MAE MPE MAPE

2 0 24 1
mean 1.9E-3 1.9E-3 8.12 11.96 1.7E-3 1.7E-3 9.40 13.59
s.d. 2.9E-3 2.9E-3 23.87 22.19 2.4E-3 2.4E-3 26.57 24.69

2 10 24 1
mean 1.8E-3 1.8E-3 -10.9 13.76 1.8E-3 1.8E-3 -8.27 11.43
s.d. 2.4E-3 2.4E-3 23.76 22.20 2.6E-3 2.6E-3 20.47 18.88

5 10 12 1
mean 1.7E-3 1.7E-3 -0.24 10.05 1.9E-3 1.9E-3 0.28 9.19
s.d. 2.4E-3 2.4E-3 23.09 20.78 2.5E-3 2.5E-3 17.55 14.95

8 10 24 1
mean 2.0E-3 2.0E-3 -11.7 15.14 2.1E-3 2.1E-3 -11.5 14.75
s.d. 2.4E-3 2.4E-3 29.56 27.93 3.2E-3 3.2E-3 28.58 27.06

(a) Best forecasting performance.

Lay Nod AR CEA
Train Test

RMSE MAE MPE MAPE RMSE MAE MPE MAPE

2 -10 0 0
mean 2.0E-2 2.0E-2 -154.7 177.52 1.9E-2 1.9E-2 -117.1 137.28
s.d. 2.7E-2 2.7E-2 581.21 574.64 2.6E-2 2.6E-2 312.65 304.31

2 0 0 0
mean 8.0E-3 8.0E-3 77.26 81.80 8.1E-3 8.1E-3 85.87 89.09
s.d. 9.7E-3 9.7E-3 128.33 125.48 9.1E-3 9.1E-3 160.50 158.73

2 -10 0 1
mean 8.8E-3 8.8E-3 100.57 108.44 9.5E-3 9.5E-3 86.75 94.82
s.d. 8.5E-3 8.5E-3 225.73 222.05 9.6E-3 9.6E-3 171.79 167.47

5 -10 0 0
mean 1.7E-2 1.7E-2 -150.43 162.08 1.8E-2 1.8E-2 -137.47 149.40
s.d. 2.1E-2 2.1E-2 315.22 309.39 2.2E-2 2.2E-2 363.56 358.82

8 -10 0 0
mean 1.5E-2 1.5E-2 12.14 120.04 1.5E-2 1.5E-2 26.54 111.17
s.d. 1.6E-2 1.6E-2 292.74 267.24 1.8E-2 1.8E-2 303.79 283.94

(b) Worst forecasting performance.

Table 5.8: Forecasting performance for 12 hour ahead in NARX model.

Lay Nod AR CEA
Train Test

RMSE MAE MPE MAPE RMSE MAE MPE MAPE

2 0 24 0
mean 4.2E-3 3.5E-3 -8.97 29.09 3.9E-3 3.2E-3 -7.41 28.81
s.d. 4.4E-3 3.7E-3 35.14 45.38 3.9E-3 3.2E-3 35.24 46.04

2 10 24 1
mean 3.5E-3 2.9E-3 1.76 21.11 3.6E-3 3.0E-3 2.07 18.94
s.d. 3.5E-3 2.9E-3 24.18 30.34 3.7E-3 2.9E-3 21.37 27.51

5 10 24 1
mean 3.5E-3 2.9E-3 -9.87 18.68 3.3E-3 2.7E-3 -8.37 18.09
s.d. 3.5E-3 2.8E-3 26.86 28.81 3.0E-3 2.5E-3 23.56 26.78

8 10 24 1
mean 3.8E-3 3.1E-3 -24.9 29.76 3.8E-3 3.1E-3 -23.6 28.10
s.d. 4.2E-3 3.6E-3 47.67 47.88 3.9E-3 3.2E-3 50.00 49.88

(a) Best forecasting performance.

Lay Nod AR CEA
Train Test

RMSE MAE MPE MAPE RMSE MAE MPE MAPE

2 -10 0 0
mean 2.3E-2 2.1E-2 60.33 101.72 2.4E-2 2.2E-2 61.01 102.13
s.d. 2.7E-2 2.6E-2 173.27 153.63 2.8E-2 2.7E-2 176.14 156.89

2 0 0 0
mean 1.1E-2 9.9E-3 64.68 77.15 1.1E-2 1.0E-2 51.48 63.84
s.d. 9.9E-3 9.0E-3 204.44 201.46 1.0E-2 9.2E-3 126.16 122.79

2 -10 0 1
mean 1.2E-2 1.1E-2 82.71 90.59 1.2E-2 1.1E-2 84.17 90.86
s.d. 9.4E-3 8.4E-3 194.62 192.43 1.0E-2 9.0E-3 204.60 202.09

5 -10 0 0
mean 2.1E-2 1.9E-2 -40.2 69.11 2.1E-2 1.9E-2 -30.6 60.22
s.d. 2.5E-2 2.3E-2 134.44 124.08 2.5E-2 2.4E-2 102.44 90.81

(b) Worst forecasting performance.
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Table 5.9: Forecasting performance for 24 hour ahead in NARX model.

Lay Nod AR CEA
Train Test

RMSE MAE MPE MAPE RMSE MAE MPE MAPE

2 10 24 0
mean 4.6E-3 3.7E-3 10.38 22.46 4.5E-3 3.6E-3 10.36 22.53
s.d. 4.6E-3 3.8E-3 31.04 35.05 4.6E-3 3.8E-3 23.84 29.72

5 10 12 1
mean 4.7E-3 3.8E-3 -20.8 30.58 4.7E-3 3.8E-3 -23.8 34.70
s.d. 4.1E-3 3.3E-3 41.27 42.94 3.9E-3 3.1E-3 46.86 51.61

5 0 24 1
mean 4.6E-3 3.7E-3 2.37 25.79 4.6E-3 3.8E-3 1.77 27.69
s.d. 4.2E-3 3.5E-3 20.11 35.17 4.6E-3 3.7E-3 30.01 41.57

8 0 24 1
mean 4.7E-3 3.8E-3 -16.1 27.40 4.4E-3 3.5E-3 -15.8 26.72
s.d. 4.7E-3 3.9E-3 32.15 37.90 4.4E-3 3.5E-3 33.05 37.58

(a) Best forecasting performance

Lay Nod AR CEA
Train Test

RMSE MAE MPE MAPE RMSE MAE MPE MAPE

2 -10 0 0
mean 2.5E-2 2.3E-2 -44.6 78.75 2.7E-2 2.5E-2 -45.8 80.10
s.d. 3.0E-2 2.8E-2 134.42 119.90 3.0E-2 2.8E-2 136.68 121.88

2 0 0 0
mean 1.2E-2 1.0E-2 172.40 180.75 1.2E-2 1.0E-2 160.37 169.16
s.d. 8.1E-3 6.9E-3 310.47 305.84 7.8E-3 6.6E-3 296.33 291.58

5 -10 0 0
mean 2.0E-2 1.8E-2 4.77 49.87 2.2E-2 2.0E-2 8.00 50.01
s.d. 2.3E-2 2.1E-2 52.53 37.52 2.6E-2 2.4E-2 56.11 44.22

8 -10 0 0
mean 1.9E-2 1.7E-2 41.04 57.74 1.8E-2 1.6E-2 43.46 57.31
s.d. 2.0E-2 1.7E-2 56.57 45.93 1.9E-2 1.7E-2 55.91 47.48

(b) Worst forecasting performance

The prediction shown in Figures 5.9 and 5.10 allows to observe the energy con-
sumption models adjustment degree. The upper figures reached a good approxima-
tion to the energy consumption in both training and testing sets without evidence
of over fitting; whereas the ones below the image fail to achieve some basic patterns
of energy demand adjustment
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(a) Best forecast in train set (b) Best forecast in test set

(c) Worst forecast in train set (d) Worst forecast in test set

Figure 5.9: Forecasting performance on NARX model for 12 hours prediction.

(a) Best forecast in train set (b) Best forecast in test set

(c) Worst forecast in train set (d) Worst forecast in test set

Figure 5.10: Forecasting performance on NARX model for 24 hours prediction.
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5.5 Recurrent neural network -RNN-

The RNN with LSTM cell configuration was implemented modifying the parameters
mentioned above (layers, nodes, outputs). Recalling the main periodicity found for
the SARIMA model, 24 hours gap was used for feeding the RNN. All data was sorted
to accomplish the time dimension required for the LSTM configuration. The loss
evolution over the epochs is shown in Figures 5.11 and 5.12. Allowing to observe the
energy consumption models adjustment degree. The images in Figure 5.11 reached
a good approximation to the energy consumption in both training and testing sets
without evidence of over fitting; whereas the ones in Figure 5.12 fail to achieve some
basic patterns of energy demand adjustment. The descendent behaviour shown in
these images, in spite of having a smoother process of forecasting, do not stand out.

(a) Forecast: 1 hour (b) Forecast: 1 hours (c) Forecast: 24 hours

Figure 5.11: Best models loss evolution with RNN.

(a) Forecast: 1 hour (b) Forecast: 12 hours (c) Forecast: 24 hours

Figure 5.12: Worst models loss evolution with RNN.

The results of calculated errors for each time window forecast are recorded in
Tables 5.10, 5.11 and 5.12. In general, all time windows have at least one of the
best models with MAPE under 10%. Yet, once again CEA variables are remarkably
outstanding due to, on one side, occupying places all over the best models tables;
and on the other, displaying absence on the tables marking the worst. It is also
remarkable that no 2-layered settled model is recognized as effective, thus, signifying
that the architecture complexity of the network and given data requires a deeper
approach. Moreover, regarding the best models, a small variation is easily found on
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the test set error values that goes below in comparison to the corresponding training
sets, although some of them do not present great differences.

Table 5.10: Forecasting performance for 1 hour ahead in RNN model.

Lay Nod CEA
Train Test

RMSE MAE MPE MAPE RMSE MAE MPE MAPE

5 10 1
mean 2.7E-3 2.1E-3 -1.35 8.95 2.5E-3 2.0E-3 -1.60 9.14
s.d. 3.3E-3 2.6E-3 11.31 10.65 2.6E-3 2.1E-3 12.01 11.46

8 0 1
mean 2.7E-3 2.1E-3 -1.71 9.13 2.5E-3 2.0E-3 -2.39 9.67
s.d. 4.8E-3 3.6E-3 10.94 10.13 2.7E-3 2.2E-3 12.97 11.70

8 10 1
mean 2.4E-3 1.9E-3 -4.06 8.10 2.2E-3 1.7E-3 -3.86 8.97
s.d. 4.6E-3 2.9E-3 12.00 11.55 2.1E-3 1.7E-3 14.06 13.72

(a) Best forecasting performance.

Lay Nod CEA
Train Test

RMSE MAE MPE MAPE RMSE MAE MPE MAPE

2 0 0
mean 4.5E-3 3.7E-3 -9.65 20.19 4.7E-3 3.9E-3 -11.7 22.60
s.d. 5.1E-3 4.3E-3 29.59 29.73 5.5E-3 4.6E-3 34.39 34.19

2 10 0
mean 4.5E-3 3.7E-3 -11.9 22.04 4.9E-3 4.0E-3 -13.4 23.09
s.d. 5.5E-3 4.7E-3 31.52 32.61 7.8E-3 5.9E-3 33.29 34.26

8 10 0
mean 5.6E-3 4.7E-3 -25.2 32.38 5.5E-3 4.6E-3 -27.7 34.82
s.d. 5.5E-3 4.7E-3 59.69 57.61 6.2E-3 5.1E-3 60.55 58.20

(b) Worst forecasting performance.

Table 5.11: Forecasting performance for 12 hour ahead in RNN model.

Lay Nod CEA
Train Test

RMSE MAE MPE MAPE RMSE MAE MPE MAPE

5 10 1
mean 2.6E-3 2.0E-3 -1.69 8.37 2.5E-3 2.0E-3 -1.19 7.93
s.d. 5.1E-3 3.2E-3 11.06 10.30 2.8E-3 2.0E-3 10.35 9.76

8 0 1
mean 2.6E-3 2.1E-3 -1.65 8.91 2.6E-3 2.0E-3 -1.74 8.74
s.d. 2.9E-3 2.3E-3 12.46 11.55 2.4E-3 1.9E-3 11.60 10.89

8 10 1
mean 2.3E-3 1.9E-3 -0.90 8.34 2.3E-3 1.9E-3 -0.48 8.13
s.d. 2.4E-3 1.9E-3 11.71 11.11 2.4E-3 1.9E-3 10.48 9.50

(a) Best forecasting performance.

Lay Nod CEA
Train Test

RMSE MAE MPE MAPE RMSE MAE MPE MAPE

2 0 0
mean 4.9E-3 4.0E-3 1.78 22.39 4.5E-3 3.7E-3 4.74 21.82
s.d. 5.3E-3 4.4E-3 33.24 33.77 4.7E-3 3.9E-3 30.62 31.86

5 -10 0
mean 4.6E-3 3.8E-3 -13.2 22.25 4.7E-3 3.8E-3 -10.1 19.06
sd 5.2E-3 4.4E-3 36.10 35.03 5.2E-3 4.4E-3 28.81 27.56

8 -10 0
mean 4.8E-3 4.0E-3 -0.44 17.75 4.7E-3 3.8E-3 -1.79 19.53
sd 6.1E-3 5.3E-3 24.60 25.76 6.0E-3 5.0E-3 28.39 29.21

(b) Worst forecasting performance.
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Table 5.12: Forecasting performance for 24 hour ahead in RNN model.

Lay Nod CEA
Train Test

RMSE MAE MPE MAPE RMSE MAE MPE MAPE

5 0 1
mean 2.8E-3 2.3E-3 -1.52 9.81 2.8E-3 2.2E-3 -2.00 9.78
s.d. 2.9E-3 2.3E-3 16.93 16.03 2.7E-3 2.2E-3 13.70 12.47

5 10 1
mean 2.6E-3 2.0E-3 -1.69 8.37 2.5E-3 2.0E-3 -1.19 7.93
s.d. 5.1E-3 3.2E-3 11.06 10.30 2.8E-3 2.0E-3 10.35 9.76

8 10 1
mean 2.3E-3 1.9E-3 -0.90 8.34 2.3E-3 1.9E-3 -0.48 8.13
s.d. 2.4E-3 1.9E-3 11.71 11.11 2.4E-3 1.9E-3 10.48 9.50

(a) Best forecasting performance.

Lay Nod CEA
Train Test

RMSE MAE MPE MAPE RMSE MAE MPE MAPE

2 -10 0
mean 4.7E-3 3.8E-3 -5.47 18.57 4.5E-3 3.7E-3 -8.49 21.04
s.d. 5.3E-3 4.6E-3 25.51 26.70 4.9E-3 4.1E-3 30.55 31.54

2 0 0
mean 4.9E-3 4.0E-3 1.78 22.39 4.5E-3 3.7E-3 4.74 21.82
s.d. 5.3E-3 4.4E-3 33.24 33.77 4.7E-3 3.9E-3 30.62 31.86

8 -10 0
mean 4.8E-3 4.0E-3 -0.44 17.75 4.7E-3 3.8E-3 -1.79 19.53
s.d. 6.1E-3 5.3E-3 24.60 25.76 6.0E-3 5.0E-3 28.39 29.21

(b) Worst forecasting performance.

The performance obtained for the 8-layer model with 10 extra nodes and CEA
variables is outlining, owing to the low error found in the three time windows ana-
lyzed. Forecasts of the best and worst model are registered on Figures 5.13 and 5.14.
From the graphics and errors, it is possible to assert that the setting of LSTM cells
allows a better adjustment to the consumption patterns with less error, even a 30%
for the worst models; the closeness to varied of the same patterns is also noticed too.
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(a) Best forecast in train set (b) Best forecast in test set

(c) Worst forecast in train set (d) Worst forecast in test set

Figure 5.13: Forecasting performance on NARX model for 12 hours prediction.

(a) Best forecast in train set (b) Best forecast in test set

(c) Worst forecast in train set (d) Worst forecast in test set

Figure 5.14: Forecasting performance on RNN model for 24 hours prediction.



Chapter 6

Discussion and conclusions

The electric energy consumption time series were characterized by strong periodicity
patterns related to the specific use of each building. There is a remarkable differ-
ence between weekdays and weekends electricity consumption sequences for most of
buildings. Due to its geographical location, Singapore climatic variations are low
and sudden or large changes were not presented, producing homogeneous behavior
on power requirement. However, the hybrid model proposed in this work (real and
simulated data as input of a regression-based forecasting model) was able to pro-
vide a reliable energy consumption forecasting method by using both simulated and
metered data besides a proper regression approach.

The SARIMA model exhibited a poor performance and did not reach an accept-
able fit of the time series for most of the buildings in the dataset, likewise, sometimes
presented large forecast deviations from the actual metered energy consumption data.
Moreover, the resulting SARIMA model structure exhibited a high variation between
buildings and required five or more AR and/or MA terms, sometimes reaching almost
a half of the season length. Indeed, there are considerable variations in the number
of stationary and seasonal component coefficients, causing that every new building
will require a specific training process, including ACF and PACF analysis. Given
such drawback, this model appears as an expensive alternative for a large number of
buildings, since it lacks a unique, generalized structure to produce reliable forecasts
for every new instance (building). The possible addition of exogenous variables to
propose a SARIMAX approach could be an interesting research path to confirm such
limitations.

The NAR method is designed to achieve a more generalized model for several
buildings using the non-linear combinations obtained from NN. However, the pre-
diction performance decays quickly with longer time forecasting. The best models
for the time-windows evaluated reached MAPE values of 7% for 1-hour ahead fore-
cast to 17% for 12-hour ahead and 30% for 24-hour ahead prediction. In 1-hour

45



46 CHAPTER 6. DISCUSSION AND CONCLUSIONS

prediction the number of layers in the NN (”depth”) becomes relevant to the model
performance:, better performances are based on an 8-layer architecture. Despite the
increase in nodes, it did not lead to a better prediction in tested scenarios.

Despite of the generalization achievement for multiple buildings at once, the
performance is not outstanding. As a result, this type of models should be considered
for short length periods when there is no external data.

On the other hand, the NARX models explored in this study provide sound
forecasts for all buildings. The inclusion of AR terms in the input features enhanced
both the model training convergence and the forecasting performance. Architectures
without AR terms cannot reach the performance levels achieved by their counterparts
with 24 AR terms. The non-linear combination of explanatory variables and AR
terms in the NN architecture could generalize the energy forecasting for the buildings
in the dataset, with a reliable fitting of the real data. Including simulated variables
from the CEA toolbox improved the NARX performance for most of the scenarios,
with a MAPE reduction of about 10% in the 24-hour forecasting, 16% in the 12-hour
forecasting and 22% in the 1-hour forecasting. Furthermore, the number of epochs to
achieve a good performance were much lower when the CEA variables were included.
However, the amount of input variables affects model training, making only the
deeper and wider ones to achieve better performances. Opposite to NAR, External
variables inclusion prevent from error rising when longer forecasts are calculated.

The RNN LSTM-based models performed even better than the NARX models
for all forecasting scenarios, regardless the time-window selected for each test. A
reduction of 55% in MAPE value of the best 24-hour forecasting model was achieved
using LSTM instead NARX as regression approach. Most of the models in this
study provide better predictions by adding extra nodes to each layer (up to 10 in the
proposed experimentation) and if extra layers are included (up to 3 for this study).
A combination of LSTM cells with CEA variables yields the best performance for all
time-windows. The best model for 24-hour energy demand forecasting was an RNN
with LSTM cells, 8 layers and 10 extra nodes including the CEA simulation variables.
This architecture reduced the MAPE value in about 30% compared to the model
without CEA variables. The error decay is smoother than it is for the NARX models,
and a proper fitting performance is rapidly achieved before 50 epochs. The forecast
comparison proves that the training and testing processes exhibit an appropriate
performance, accurately predicting the variations in the energy consumption real
data.

A noisy behavior in the evolution of training error was presented, possibly caused
by the random mini-batch training. The models fit the consumption patterns with
no strong evidence of overfitting even with the large epochs value considered. The
inclusion of dropout methods can improve training convergence and the forecasting
performance of the model.

The wider models (more nodes per layer) but shallower struggled in handling large
amount of variables getting most of the worst performances for all models considered.
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Nevertheless narrow and deeper models did not achieve the best performance in all
models. According to the results of this study, 2-layer models should be avoided and
it can be recommended to include at least the same amount of variables than nodes
per each layer.

Most of NN based models significantly reduced the loss function in less than
100 epochs, the use of normalization and mini-batch training helped in the training
speed. Early stopping can be implemented for saving training time.

Using clustering techniques to group buildings according similar attributes can
be considered as an interesting approach for getting even better performances in the
proposed models.
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