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Abstract

This study focuses on forecasting daily electricity consumption at Faro Airport, utilizing machine
learning models such as Random Forest (RF) and AutoRegressive Integrated Moving Average with
exogenous variables (ARIMAX). In addition to demonstrating the forecasting prowess of these mod-
els, this study evaluates their performance by comparing them with the ensembled model blending
RF and ARIMAX. Performance metrics not only gauge the accuracy of predictions but also provide
a nuanced understanding of the models’ effectiveness. The hybrid model emerges as a standout per-
former, showcasing superior forecasting precision. Its ability to leverage the strengths of both RF
and ARIMAX contributes to more robust predictions, especially in the context of daily electricity
consumption at Faro Airport. Beyond numerical accuracy, the study incorporates Shapley values
for interpretability, offering a transparent view of the factors influencing electricity consumption
trends. This interpretability aids airport management in making informed decisions related to en-
ergy resource allocation, infrastructure planning, and operational efficiency. This approach not only
optimizes resource utilization but also positions the airport to proactively address challenges and
opportunities in its energy consumption patterns. The combination of accurate predictions and in-
terpretable insights positions Faro Airport to not only meet current energy demands effectively but

also to navigate future challenges with strategic foresight.
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Resumo

Este estudo concentra-se na previsao do consumo diario de eletricidade no Aeroporto de Faro, uti-
lizando modelos de Machine Learning, Random Forest (RF) e AutoRegressive Integrated Moving
Average com varidveis exdgenas (ARIMAX). Para além de demonstrar a capacidade de previsao
desses modelos, o estudo avalia o seu desempenho, comparando-os com o modelo hibrido que com-
bina RF e ARIMAX. As métricas de desempenho nao s6 medem a precisao das previsdes, como tam-
bém proporcionam uma melhor compreensao da eficacia dos modelos. O modelo hibrido destaca-se
com um desempenho excepcional, exibindo uma boa precisdo. A sua capacidade de aproveitar os
pontos fortes de RF e ARIMAX contribui para previsdes mais robustas, especialmente no contexto
do consumo diario de eletricidade no Aeroporto de Faro. Além da precisdo numérica, o estudo in-
corpora valores de Shapley para interpretabilidade, oferecendo uma visdo transparente dos fatores
que influenciam as tendéncias de consumo de eletricidade. Essa interpretabilidade auxilia a gestao
do aeroporto na tomada de decisdes informadas relacionadas a alocagdo de recursos energéticos,
planeamento de infraestrutura e eficiéncia operacional. Esta abordagem, para além de otimizar a
utilizacao de recursos, também posiciona o aeroporto para abordar proativamente desafios e opor-
tunidades nos seus padroes de consumo de energia. A combinagao de previsdes precisas e insights
interpretaveis permite ao Aeroporto de Faro responder eficazmente as necessidades energéticas at-

uais, mas também preparar futuros desafios com uma visdo estratégica.
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1 Introduction

Airports, serving as pivotal hubs for air travel, are intricate infrastructures characterized by high
energy consumption. The incessant activity of aircraft arrivals, departures, and movement of pas-
sengers places a substantial demand on electricity. With operations spanning approximately 20

hours a day, airports incur significant costs associated with electricity consumption.

The fundamental components of an airport include runways, the passenger terminal, where board-
ing and disembarkation occur, the cargo terminal for handling goods, and auxiliary structures such
as hangars, workshops, and maintenance facilities. The seamless operation of an airport relies on

the harmonious interplay of these functionalities and conditions.

Efficient electricity consumption is imperative for optimizing operational costs. Forecasting daily
electricity consumption emerges as a strategic imperative for airport managers seeking to enhance
resource allocation and cost-effectiveness. As an intern at Faro Airport, my daily exposure to the
intricacies of airport operations has heightened my awareness of the critical role electricity plays
in maintaining seamless functionality. Recognizing that electricity costs contribute significantly to
operational expenses, the motivation for this study stems from the desire to contribute actionable
insights to enhance the efficiency of electricity consumption. By understanding the underlying
patterns and factors influencing electricity usage, [ aim to empower airport managers with informed

decision-making tools for resource allocation and cost-effectiveness.

This study zeroes in on the electricity consumption patterns of Faro Airport, delving into the

factors that exert notable influence. The primary objectives of the study are framed by key questions:

1. Does the integration of machine learning and time series models exhibit superior performance

metrics when compared to each individual model?

2. Arethe insights derived from these models useful in making practical decisions or formulating

strategies?

3. Do the interpretability methods employed shed light on any instability or uncertainty inherent

in the predictions of the models?

The study follows a structured outline. In the literature review, an exploration of existing litera-



ture on electricity consumption in airport operations occurs, with an examination of studies on the
integration of machine learning and time series models, along with a review of global strategies
employed by airports to optimize electricity usage and reduce costs. The methodology section pro-
vides details on the data collection process, including the types of data gathered from Faro Airport. It
explains the application of machine learning and time series models for electricity consumption fore-
casting, outlining specific methods used for model integration and performance evaluation, along
with the interpretability. Transitioning to the results, the study presents findings regarding electricity
consumption patterns at Faro Airport. It compares performance metrics of integrated models with
individual models and highlights practical insights derived from the models, discussing their impli-
cations for decision-making and strategy formulation, based on the global and local interpretability
of the models. In the discussion, the analysis focuses on the significance of the study’s findings
in the broader context of airport operations. Practical implications of the insights gained from the
models are discussed, along with an exploration of the interpretability methods employed and their
role in identifying instability or uncertainty in predictions. This comprehensive approach aims not
only to enhance the understanding of electricity consumption dynamics in airport operations but
also to provide practical tools and insights for optimizing resource management and cost-efficiency
in airport facilities. The study contributes meaningfully to the ongoing discourse on sustainable and

efficient airport operations.



2 Literature Review

2.1 Electricity consumption of Airports

According to the sustainable report from ANA airports, it’s evident that the aviation industry
carries significant responsibility for global energy consumption and greenhouse gas emissions, ac-
counting for approximately 2% of worldwide emissions. These statistics underscore the importance
of managing electricity consumption in this sector. The report also provides specific insights into the
electricity consumption at airports in Portugal for the year 2022. The total electricity consumption
for all airports in the country amounted to a substantial 375944.36GJ. Notably, Faro Airport’s con-
sumption contributed significantly, making up 9.2% of this total with a consumption of 34493.45GlJ.
An interesting development in the report is the inauguration of a solar plant at Faro Airport in the
same year. This solar plant has the capacity to provide about 30% of the airport’s electricity con-
sumption, marking a pioneering effort in Portugal and setting an example for other airports seeking
to reduce their carbon footprint and operational costs through sustainable energy solutions (ANA,

2022).

Understanding and managing the electricity consumption characteristics of terminal devices are
crucial for optimizing the efficiency of primary equipment systems and reducing operational ex-
penses. To achieve this, various approaches have been explored, particularly in the context of pre-

dicting electricity consumption in public buildings like airports.

Electric power load is a stochastic process, which means that it is unpredictable and can vary
significantly over time. So, probabilistic load forecasting is an approach that provides a probability
distribution for future power load and is a valuable tool for power demand management (Hong &

Fan, 2016).

According to Ortega Alba and Manana (2016) , the dynamics of energy consumption in airports
are multifaceted and influenced by various factors, rendering them stochastic, nonlinear, and dy-
namic. Given the substantial impact of energy costs on airport operations, managers continually
seek ways to reduce consumption. A detailed understanding of energy use and behavior is crucial,
allowing for precise forecasts and identification of unnecessary expenditures or areas requiring im-

provements.



Airports worldwide have employed various prediction models to forecast their energy consump-
tion. These models encompass a wide range of techniques, including sample data collection, statis-

tical analysis, and machine learning methods like neural networks and decision trees.

2.1.1 Patterns and data features

Data mining is a powerful tool that can be used to extract valuable insights from large datasets
and can be used to improve operational efficiency and decision-making in commercial buildings,

including airports (Xiaowei, 2008).

In an attempt to understand the components with the highest energy expenditure in an airport,
studies were sought that analyzed these consumptions and, consequently, the variables that would
have the greatest impact on predicting electricity consumption. In China, Costa et al. (2012) con-
cluded that around 28% of electricity consumption is due to lighting and 20% to Heating Ventilation
and Air Conditioning (HVAC), with the remainder distributed among general airport activities. Or-
tega Alba and Manana (2017), in a study carried out to characterize energy demand patterns in
airports, concluded that airport energy consumption is influenced by several factors, including cli-
mate, air traffic, passenger numbers, and time of day, and the main energy consumers in airports
are HVAC systems, lighting, and auxiliary equipment, confirming what the previous study stated.
With these findings, managers can do an effective energy management in airports to reduce costs,
improve sustainability, and ensure the efficiency of operations. To do this, it is crucial that airports
invest in energy efficiency measures, such as installing more efficient HVAC and lighting systems,

using renewable energy, and optimizing operations.

Yang et al. (2023) characterized the behavior of energy consumption at Beijing Capital Airport
and concluded, using a combination between regression and K-means cluster, and then Pearson’s
correlation analysis method, that electricity consumption can essentially be divided into three cat-
egories: consumption in the terminal, consumption related to passenger flow and consumption
related to outside temperature. Detailed analyses have revealed that heating, ventilation, and air
conditioning (HVAC) systems, along with lighting, are the primary contributors to airport energy
consumption. Furthermore, temperature, daily light hours, and aircraft operations are identified as

the most influential factors affecting energy consumption, providing valuable insights for energy



management strategies.

At the 9th Airport Terminal Maintenance & Facilities Management Summit (2023), Cem Onater,
electrical systems manager at TAV airports, namely at [zmir airport in Turkey presented a detailed
daily forecast of their consumption for the following day in order to access lower energy prices.
They analysed different performances for different factors in a multiple regression model and the

factors that showed the best performance in their study was temperature and number of passengers.

2.1.2 Modelling approaches

The choice of prediction model largely depends on the specific requirements of the forecasting
task, including the timeframe of the prediction. For operational and short term predictions, methods
like fuzzy logic, neural networks, time series decomposition, and probabilistic techniques are com-
monly used. For medium and long-term predictions, more complex machine learning algorithms,
such as linear regression or moving averages, may be preferred, balancing the need for accuracy

with model interpretability (Klyuev et al., 2022).

In this realm, it’s worth noting that there is an abundance of methods available for predicting
electricity consumption, with more than 200 distinct techniques reported. However, many of these
methods are variations or combinations of existing models, highlighting the constant innovation

and adaptation in the field of energy consumption forecasting (Klyuev et al., 2022).

When dealing with datasets exhibiting cyclical patterns and temporal dependencies, it is impera-
tive to incorporate this information accurately to enhance the precision and robustness of predictions.
Simply creating numeric variables to represent a temporal component, for identifying days, weeks,
months, or quarters, can lead to misinterpretations, as the numeric value associated with the day
does not necessarily reflect its position relative to the month. Instead of adopting this conventional
approach, the application of the “Cyclic Encoding” technique stands out for transforming and pre-
serving the cyclical nature of these variables. This technique employs trigonometric functions such
as sine and cosine to represent these variables, preserving the continuity and intrinsic periodicity
of temporal features. This allows the model to understand the nuances of seasonal patterns more

accurately (Bescond, 2021).

When modeling, two different approaches can be used: using the time series with only the con-



sumption target variable or using a dataset with the target variable and several explanatory variables.
The choice between these two lies in the cost/precision trade-off, since the second approach requires

a lot of historical data and much more laborious data preparation.

Using the first approach, a study showed that the Unbiased Grey Markov Predictive Model
(UGMPM) is an effective method for predicting airport’s monthly energy consumption. The
UGMPM is able to capture the nonlinear and stochastic dynamics of airport energy consumption
and it seems more accurate comparing to the traditional GM (1,1) prediction model (TGPM) and
the Unbiased GM (1,1) prediction model (UGPM). UGMPM, for one of the five airports in the
study, had an RMSE of 2323.4kW h, while the RMSE of TGPM and UGPM was 17697.9kW h
and 18289.9KW h, respectively (J. Chen & Xie, 2013).

In this respect, although not in an airport environment, it is also possible to use an Auto Regres-
sive Integrated Moving-Average (ARIMA) model, which takes into account the lags of the vari-
able, the auto correlation function and the partial correlation functions of residuals. An extensive
study, employing 12 different methods on the time series of consumption, was conducted using sim-
ple ARIMA models, Holt Winters (HW) decompositions and Exponential Smoothing State Space
(ETS) models, with different parameters and bagging them, across three countries (Brazil, Mex-
ico, and Turkey). The Remainder Sieve Bootstrap (RSB) ARIMA stood out in two out of three
countries, achieving a MAPE of 4.359% in Brazil and 3.041% in Mexico (De Oliveira & Cyrino
Oliveira, 2018). However, since energy consumption is very volatile due to a number of factors,
it is possible to apply the AutoRegressive Integrated Moving Average with eXogenous variables
(ARIMAX) model to combine in the model information on the historical values of the consump-
tion and variables that prove to be significant in determining it. ARIMAX extends the traditional
ARIMA model by incorporating additional external variables or predictors, allowing for a more
comprehensive analysis and better forecasting accuracy. For example, in a study carried out in the
city of Tallahassee, 3 cases were created using these techniques: ARIMA model, ARIMAX model
with weather and ARIMAX model with weather and traffic. The results of the study showed that
the latter was able to obtain much more accurate forecasts, with a MAPE of 3.3%, compared to
9.22% and 6.281% for ARIMA and ARIMAX with weather, respectively (Madhavi et al., 2017).

Another study collected occupancy and electricity hourly used data from a three-story office build-



ing in eastern Canada. The data was used to train an ARIMAX model and the results suggest that
building-level occupancy data can be used to improve the accuracy of ARIMA-based electricity use
forecasts, since the MAE of the ARIMAX model was 2.889kW, the MSE was 17.032kW?2, and
the MAPE was 1.217% (Iftikhar et al., 2023).

Using machine learning models, Kaytez et al. (2015) used three methods to predict annual elec-
tricity consumption of buildings in Turkey: Multiple Linear Regression (MLR), Artificial Neural
Network (ANN) and Least Squares Support Vector Machines (LS-SVM), using as independent
variables the installed capacity (IC), gross electricity generation (GEG), population (P), and total
subscribership (TS). Looking at the accuracy metrics of the models, the LS-SVM method resulted
in lower test MAPE of 1.004%, MSE of 2.067W h? and a RMSE of 1.435TW h, comparing to

the other two models (Kaytez et al., 2015).

Several other studies use tree based methods. The decision tree method is an effective method for
modeling building energy demand, since it is able to capture the nonlinear and stochastic dynamics
of building energy demand. This method was trained with energy demand data from residential
buildings in China and, using the entropy calculated at each node of the tree, a selection of attributes
was made. The model used data on indoor environment parameters, household characteristics and
other issues such as occupant behavior and energy saving measures. The results showed that the
variable with the greatest impact was temperature, followed by others related to the variation of this
same parameter, such as the heating method and heat loss, and was able to predict building energy

demand with an accuracy of up to 92% (Yu et al., 2010).

A study carried out at a university in Korea used various methods to predict electricity consump-
tion in buildings, dividing them into three clusters according to their function (academic, scientific
research and residential) and concluded that a hybrid Random Forest (RF) model with Multilayer
perceptron (MLP) model is very effective at prediction. The study used variables with temporal, cli-
matological and operational information (week, holiday, academic year, temperature, week-ahead
load, year-ahead load, and Long Short-Term Memory network). In addition, a time series cross
validation technique was used, which makes it possible to focus on a single prediction horizon
for each test set. With this analysis, the RF model obtained a MAPE of 5.641% and a RMSE
of 4675.762kW h. RF+MLP model was the one that obtained the best metrics, with a MAPE of



4.674% and a RMSE of 3894.495kW h, in the second cluster (cluster with the highest consumption)
(Moon et al., 2018).

In a comparative analysis between time series and machine learning approaches, a study focused
on load data from Covenant University. Various forecasting methods were applied, including the dif-
ferent points Moving Average, exponential smoothing (a time series method), and Artificial Neural
Network (ANN) models. Among the different options explored, the model using a 3-Point Mov-
ing Average achieved a MAPE of 10.3%. The model incorporating exponential smoothing with a
desmoothing constant of 0.3 demonstrated a MAPE of 8.56%, while the Artificial Neural Network
produced the lowest MAPE at 8.25% (Samuel et al., 2016).

2.2 Interpretability and Explainability

Doshi-Velez and Kim (2017) define interpretability, in the context of machine learning, as the
ability to explain a model output to a human in understandable terms. However, not all machine
learning systems need to be interpretable, as there may be no consequences for invalid results or
the problem in question may be so common and used in real situations that the results provided
by the system become valid. Therefore, it must be understood when interpretability is necessary.
In addition, the level of interpretability needed must be realized. Global interpretability requires
knowing the existing patterns in general, while local interpretability requires knowing the reasons

for each specific decision (Doshi-Velez & Kim, 2017).

A data analytics-based process for benchmarking energy performance of buildings can be made
more interpretable by using explainable artificial intelligence (XAI) techniques. XAl techniques
can reveal the contributions of each input variable to the benchmarking results, which can help
users to understand the factors that influence the energy performance of buildings. In a recent study
by Galli et al. (2022), an explainable Al-based benchmarking framework was developed to esti-
mate the membership to specific energy performance classes of a large set of Energy Performance
Certificates (EPCs) of flats in Italy. The framework used a Shapley additive explanations (SHAP)
method to explain the model results and causal effects between the predictors and target variable
to better understand the model behavior, and the motivations behind correct and wrong performed

classifications (Galli et al., 2022).



In recent study by Gao and Ruan (2021), to predict and interpret the energy consumption of a
building, was showed that the attention mechanism can be used to improve the interpretability of
deep learning models for building energy consumption prediction. The attention weights can be
used to identify the features that are most important for predicting building energy consumption.
For example, the attention weights for the model trained on the commercial office building data
showed that the most important features were the outdoor temperature, the indoor temperature, and
the occupancy level. The attention weights can also be used to explain why the model made a
particular prediction. For example, if the model predicted that the building’s energy consumption
would be high on a particular day, the attention weights could be used to show that the model was

influenced by the high outdoor temperature and the high occupancy level (Gao & Ruan, 2021).

Studies of Eletric consumption in the metallurgical context have also been using machine learning
approaches. Carlsson et al. (2020) have analysed eletrical energy consumption of an Eletric Arc
Furnace (EAF) using data from a commercial steel plant. The model was then interpreted using
SHAP to reveal the contributions from each input variable on the electrical energy consumption for
every single heat in the prediction domain. The SHAP values for each input variable were evaluated
based on process metallurgical experience to identify the most important factors influencing the
electrical energy consumption of an EAF. This can help process engineers to better understand the

factors influencing these processes and to identify ways to improve them (Carlsson et al., 2020).

Interpretable machine learning (IML) models have the potential to significantly improve building
energy management by identifying the factors that influence building energy consumption and de-
veloping strategies for reducing building energy consumption. However, there are some challenges
that need to be addressed for the widespread adoption of IML models in building energy manage-
ment, such as lack of standardization, the need for high-quality data, and the difficulty of explaining
IML model predictions to non expert users. IML models can achieve mean absolute errors (MAEs)
of up to 5% for forecasting residential building energy consumption, and MAEs of up to 10% for

forecasting commercial building energy consumption (Z. Chen et al., 2023).

Another technique for explaining outputs is LIME, which is a model-agnostic post-hoc method
for approximating any ML model locally. In a study for Solar Photovoltaic Power Generation Fore-

casting, the authors employed LIME to explain the predictions of a deep learning model trained



on historical photovoltaic and weather data. By highlighting the most influential features for each
forecast, LIME provides valuable information about the model’s decision-making process, allowing
users to identify the main factors affecting photovoltaic generation. Here, surface solar radiation,
time of day and upper net solar radiation are the most important features, while the total net water
column, the 10-meter U wind component and total precipitation are the lowest in terms of numerical

contribution (Kuzlu et al., 2020).
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3 Methodolody

3.1 Data Collection and description

The analysis in this thesis was conducted within the context of Faro Airport from ANA — Aero-
portos (VINCI Group), which experiences, in 2022, 8 millions passengers over the year, reaching
its peak during the summer months due to its location in a region with high demand for tourism and
leisure at that time. This company, which is responsible for managing airport movements through-

out the region, incurs huge costs at all levels, particularly in terms of electricity consumption.

For the analysis and implementation of this study, Faro Airport provided historical data on daily
electricity consumption in kW h, covering the period from January 1Ist, 2013, to September 30th,
2023.

The dataset also contained information on airport operations during the same period, including
the number of flights, passenger counts, airport opening and closing times, and the respective oper-

ational duration (activity period).

Another set of crucial factors from the outset were related to climatic conditions. Faro Airport
experiences a significant influx of tourist movements, with a higher percentage attributed to leisure
travel rather than business purposes. It serves as a gateway to the South of Portugal and Southern
Spain, popular vacation destinations throughout the year. These climatic data were downloaded

from the website Visual Crossing (Crossing, 2023).
Thus, there were four datasets: weather data, period data, traffic data, and consumption data.

Table Al in the appendix A contains a data dictionary with the original variables used.

3.2 Data preprocessing
3.2.1 Data Cleaning

Were identified some missing dates for operational variables. After analyzing the reason for
these missing points, with Faro Airport, it was found that they coincided with periods of lockdown

or airport restrictions due to the global Covid-19 pandemic. Therefore, as there was no arrival or

11



departure movement on those days, and the airport’s operating hours were from 06 AM to 00AM,

these values were replaced as follows:
* ( for the variables Movements and Passengers, since there is no flights;
* 6 for the variable Opening, since it is the opening hour (6 AM);
« 0 for the variable C'losing, since it is the closing hour (0AM);
* 18 for the variable Duration, since the working period is from 6 AM to 00AM (18 hours).

Then, a missing value was detected in the variable Sea_level pressure on February 12th, 2021.
Since there was no apparent reason for this gap, the value was replaced by the mean between the
previous and subsequent days. The analysis of the graph below indicates that this was the most

appropriate measure given the evolution of the values.

1024
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1016
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Figure 1: Sea Level Pressure Variation from 9th to 17th February

Since this analysis focuses on Faro Airport, it was observed that some climatic variables did not
make sense due to the location or the specific study. Thus, these variables were eliminated. Table

A2 in the appendix A contains a data dictionary with the deleted variables.

Due to reasons unrelated to this study, it was not possible to obtain data for the variables

Solar_radiation, Solar_energy, and Uv_index in the period [07—01—2023; 09—30—2023],
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so only the period [01 — 01 — 2013; 06 — 30 — 2023] was considered for the study.

3.2.2 Feature engineering

With the complete data, the presence of outliers was assessed. The outliers do not seem to have
an apparent reason for their existence. To avoid causing deviations in the moving averages (possible
features to create) and, considering that the distribution is very robust on a weekly basis, the value

from the previous week was used.

Finally, with a clean, consistent, and representative dataset, proceed to feature creation. Several

ideas for new variables that could introduce power into the modeling emerged.

Since it is a time series, when using machine learning methods, it was necessary to create variables
that captured temporal information: day, day of the week, week number, month, quarter, and year.
However, as these variables are numeric, the model could capture incorrect information from this
data, such as giving more importance to Friday (6) than Monday (2) just because its numeric value
is higher. Thus, cyclic encoding was used. Cyclic encoding is a type of data encoding that uses a
cycle to represent them, dividing them into blocks and then encoding each block using a standard
encoding algorithm. The encoded blocks are then connected in a cycle to form the encoded data. In
this case, trigonometric periodic functions were used to capture this effect, i.e., a sine and a cosine

variable for each of these temporal components.
Additionally, the following variables were created:
* Hours_sun - Computes the daily number of hours, i.e., Sunset - Sunrise;
* T'emp_range - Calculates the daily temperature range, i.e., T’emp_max - T'emp_min;

» SeasonSummer, SeasonSpring, and SeasonWinter - Three dummy variables to cap-

ture the season of the year;

* Holiday - A dummy variable to identify whether it is a holiday (with the assistance of a

previously created table with the main national holidays);

* Hours without sun - Records the number of hours the airport was in operation but still

without sunlight (indicating a greater need for artificial light);
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* Grow_Rate_Percent - Calculates the quarterly growth rate in percentage.

Time series are characterized by having a temporal order, where each observation is influenced by
previous observations. For this reason, it is crucial to consider temporal dependence when making

predictions.

To improve the analysis of the time series, the rolling means technique was applied to the data.
This approach involves creating moving averages over time, replacing individual values with aver-
ages calculated over consecutive windows. This smoothing of the data provides a clearer view of
the underlying trends, filtering out temporary fluctuations and highlighting long-term patterns in or-
der to reduce the impact of noise or random variations, making it easier to identify more consistent
patterns in the time series and, consequently, improving the accuracy of the associated analyses and

forecasts.

For the application of rollmeans, it is necessary to choose its size. In this study, weekly
and monthly rollmeans were used for most explanatory variables that seemed most suitable
in the model: Temp max, Temp min, Temp, Dew, Humidity, Precip, Wind_speed,
Sea_level pressure, Cloud_cover, Solar_radiation, Uv_index, Duration, Passengers,
Movements, Hours sun, and T'emp range. After this technique, it is necessary to eliminate
rows where missing values were created due to the absence of historical data in the creation of

rolling means. Thus, the empty rows were removed.

Table A3 in the appendix A contains a data dictionary with the new variables.

3.3 Modelling Approaches

Having defined the objective of this study, it was necessary to formulate a logical framework to
guide the research. To predict the daily electricity consumption at Faro Airport based on various
factors, a quantitative method was deemed most appropriate. Through the analysis of historical data,
characteristic patterns that could be extrapolated into the future could be identified. In this research,
Machine Learning and Time Series manipulation methods and models were used to forecast daily

electricity consumption at Faro Airport.

The data was split into two sets, one for training and one for testing, preserving the temporal
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dependence between observations. The training set was used to train the model, while the testing
set was used to evaluate the model’s performance, using an 80% training and 20% testing proportion,

namely:
* Training set: 01 — 01 — 2013 to 05 — 31 — 2021
¢ Testing set: 06 — 01 — 2021 to 06 — 30 — 2023

Figure 2 shows the splitting into training set and testing set.

80K
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40K
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20K
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Date

Legend: Test = Train

Figure 2: Training (dark blue line) and Testing (light blue line) Split

After dividing the data into training and testing, it is essential to estimate the model’s accuracy
on unseen data. A well-known technique for assessing the generalization ability of a model from
a dataset and for avoiding overfitting is cross validation. Traditionally, this technique divides the
dataset into various subsets (folds) and then trains the model on each fold, excluding the test fold. Fi-
nally, the model’s performance is evaluated on the test fold. In the case of time series, this method is
not suitable since random division can break the temporal dependence between observations. There-
fore, time series cross validation can be used. This technique preserves the temporal dependence
between observations, by carrying out sequential splits and ensuring that training takes place with
data prior to the test data, effectively simulating the forecasting scenario in the real world. This

method, executed in multiple splits, allows the model to be evaluated iteratively, adjusting its pa-
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rameters only with information available up to the cut-off point. The initial window size was set
to 30% of the training data, and the test window size was 30% of the testing data. The time win-
dow was fixed, meaning the same data window is used for training and testing in each iteration of

cross-validation.

The approach described in this work focused on combining ML models (Random Forest, RF) with
time series manipulation technique (AutoRegressive Integrated Moving Average with eXplanatory

variables, ARIMAX).

3.3.1 Random Forest

This Supervised Machine Learning model uses a set of decision trees to predict the outcome of the
explained variable. Decision trees are models that use a tree structure to represent the relationship
between explanatory variables and the explained variable and can represent complex relationships

between variables, making them suitable for a wide range of applications.

To improve this model, an adjustment of hyperparameters was carried out, which involves choos-
ing the ideal values for these parameters in order to optimize the model’s performance. In this study,
various combinations of hyperparameters were tried in order to find the configuration that best fits
the data. The minimum number of observations needed to create a node, since the training dataset is
made up of a considerable number of observations, started out low, to allow the trees to grow deeper.
The maximum depth of each tree was also adjusted, to try to learn more complex relationships, but
always paying attention to the number placed, since if it is too high, the risk of overfitting increases.
Other parameters adjusted were the minimum number of observations required for a leaf and the

minimum number of observations needed to consider splitting an internal node.

Feature importance was calculated using the decision tree importance technique. Decision tree
importance measures the contribution of each variable to reducing impurity in the decision tree.

Analyzing these parameters is useful for improving the model or interpreting the model’s results.

Final model evaluation was performed on test data.
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3.3.2 Time Series based Models
The second technique was the study of time series for the application of an ARIMAX model.

First, a time series object was created, containing only the daily electricity consumption informa-

tion.
ARIMA models consist of three components:
* Trend component: This component represents the long-term trend of the time series.
» Seasonality component: This component represents the seasonal variations of the time series.
* Noise component: This component represents the random variability of the time series.

ARIMAX models can estimate the parameters of these components, which can then be used
to predict future values of the time series. Furthermore, it attempts to capture additional patterns
and trends that can contribute to more accurate and robust modeling, taking into account the joint

influence of the selected variables. Thus, the structure of an ARIMA model is represented by

P q M
P SPWINS SRS P B g
i—1 7=1 m=1

where p is the number of autoregressive terms, d is the number of differences required to make the
time series stationary, q is the number of moving average terms, and M is the number of variables

to use in the model.

The exogenous variables were selected based on the feature importance obtained from applying
the Random Forest (RF) model. The top 20 variables identified as most relevant by the RF were
chosen as inputs for the ARIMAX model, except for any dummy variables (seasons and holidays).
Recursively, the model was applied considering expanding sets of variables, starting with the top
20’s first variable and progressively adding more variables. The choice of the optimal number of
variables was determined based on performance measured by the Mean Absolute Error (MAE), and

the final model was applied using this optimized set of variables.
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The model parameters were automatically selected using the auto.arima function after apply-
ing a Box Cox transformation with automatically calculated lambda and highlighting the seasonal
component. To obtain accurate forecast values, the Box Cox transformation was reversed using the

lambda calculated by the model.

3.4 Ensemble Models

Ensemble models were employed as part of modeling approach, specifically using the ensemble
technique of averaging predictions generated by different models. The concept behind ensemble
models is to combine predictions from multiple individual models to enhance the accuracy and ro-
bustness of forecasts. By averaging predictions from diverse models, the aim was to capture a more
comprehensive and balanced view of the system’s behavior while minimizing potential biases in-
herent in specific models. This ensemble approach is valuable as it integrates the collective wisdom
of multiple models, mitigating individual limitations and yielding more reliable and generalizable

results.

3.5 Evaluation Metrics

When evaluating the predictive performance of regression or forecasting, various accuracy mea-
sures are commonly employed. Although each measure offers unique insights, relying on a single
metric can be insufficient. Therefore, a comprehensive evaluation should include multiple mea-
sures. In this study, the Mean Absolute Error (MAE), Mean Squared Error (MSE), Root Mean
Square Error (RMSE), and Mean Absolute Percentage Error (MAPE) were used.

Mean Absolute Error (MAE): MAE represents the average of the absolute differences between
predicted values and actual values. A lower MAE indicates a closer approximation to the actual

data.

1 ~
MAE:NZ‘%_?M, ()

where [V is the number of predictions, y; is the actual value, and y; is the predicted value.
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Mean Squared Error (MSE): MSE calculates the average of the squared differences between

predicted and actual values. A lower MSE implies a better fit.

1 -
MSE = <> (v = 5% 3

where [V is the number of predictions, y; is the actual value, and y; is the predicted value.

Root Mean Squared Error (RMSE): RMSE calculates the square root of the MSE, allowing a
better analysis of the scale of the data, since the MSE uses the square of the units. A lower RMSE

implies a better fit.

1 _
MSE = \/N > (i —8:)% )

where N is the number of predictions, y; is the actual value, and ¥, is the predicted value.

Mean Absolute Percentage Error (MAPE): MAPE measures the mean absolute percentage

error. It is particularly useful for comparing models when the scale of the data varies.

1 Y — Y
MAPE = > e 100, (5)

(2

where NNV is the number of predictions, y; is the actual value, and y, is the predicted value.

The choice of the precision measure depends on the specific context and data characteristics.
The MAE is less sensitive to outliers than the MSE and the MAPE is scale-independent, making it

suitable for comparing models with different data scales.
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3.6 Interpretability with SHAP analysis

The Random Forest model is considered a black box model in machine learning. This means that
its results are incomprehensible to humans. To interpret the results of the study, SHAP was used to

address this need.

SHAP (SHapley Additive exPlanations) is a theoretical approach based on game theory, specifi-
cally Shapley values, introduced by Lloyd Shapley in 1953. In the context of interpreting machine
learning models, SHAP provides a systematic and theoretically sound way to assign individual con-
tributions to the prediction of a model for each feature in a dataset. The main goal of this method is
to explain the model’s response in a way that is fair, consistent, and globally coherent. It is possible
to perform a local analysis for each observation or a global analysis with an average of SHAP values

for each point.

SHAP values for a specific feature represent its average contribution to the difference between the
model’s prediction and the mean of predictions. Considering all possible combinations of features,

the average contribution of each feature in all these combinations is calculated.

o= 3 PEESIE DN 60 1y~ o)) ©
SCN\{i} )

where ¢, is the Shapley value for observation i, S is a coalition of observations, v(.5) is the payoff
for this coalition, N is the total number of observations and N\ {4} is all the possible coalitions not

containing 4.

For this purpose, bee swarm, waterfall and dependence plots were used, which are more complex
and informative than a simple variable importance plot. They provide not only the importance
of variables but also reveal the true relationship between the explanatory variables and the target

variable.
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3.7 Softwares and Tools

For the execution of this study, data were imported from files in .csv and .xlsx formats from
Microsoft Excel. Data manipulation, exploration, and modeling were conducted in R version 4.2.2
(2022-10-31 wucrt), using the open-source integrated development environment for R, RStudio
2022.12.0+353. This software serves as a functional interface that employs a programming
language for statistical calculations and graphics. Various specific packages were utilized for data

manipulation, visualization, and modeling.

For data manipulation, the packages included were openzlisx, tsibble, tidyverse, lubridate,
timeDate, utils, and dplyr. In terms of modeling, packages such as random Forest, forecast,
caret, and kernelshap were employed. Additionally, the knitr package, along with kable Extra,
was used for generating enhanced tables in LaTeX. Finally, for data visualization, the ggplot2 pack-
age, along with shapviz, formatR, ggthemes, and grid Extra, were utilized for formatting and

refining the graphics.
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4 Results

4.1 Exploratory Data Analysis

Daily energy consumption over time is shown in Figure 3 (a), highlighting a clear seasonal pat-
tern that appears to be annual. In Figure 3 (b), this annual seasonality is confirmed. From May to
September, it can be seen that, for all the years under analysis, consumption is significantly higher.
There are several hypotheses about this phenomenon, as these are months with higher temperatures,
which implies a greater need for air conditioning, and also a high number of air movements and pas-
sengers. Additionally, in these months, air conditioning is done with electrical devices, while in the
remaining months, it is done using gas boilers, thus reducing electricity consumption. Considering
the evaluation of seasonality on another time basis, Figure 3 (c) shows that there is no clear pattern

of consumption over the days of the month, so there is no monthly consumption pattern.
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Figure 3: (a) Distribution of the time series (dark blue dots) over time accompanied by a trend line (light
blue line); (b) Distribution of average monthly consumption for each year; (¢) Distribution of average daily
consumption for each month grouped for all years
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Since most airlines apply lower fares on specific weekdays, one might expect a pattern in the
distribution of consumption throughout the weekdays due to a higher number of passengers. In
an attempt to assess this distribution, Figure 4 shows a heatmap with the average consumption on
weekdays for each month. It is possible to highlight, once again, the annual seasonality. However,

there is no clear pattern throughout the week, contrary to what was assumed.
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Figure 4: Consumption per Month and Day of the Week, where darker zones means more consumption

Another factor that could also affect airport activity and, consequently, electricity consumption

is holidays. In Figure 5, it is shown that electricity consumption on holidays is, on average, mostly

lower than on non-holiday days.
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Figure 5: Distribution of consumption on holidays and non-holidays, where each panel represents a
specific year, with distinct boxplots for holidays and non-holiday days, providing insights into the
variability and centrality of consumption in different temporal contexts.

The distribution of consumption per level of UV index is shown in Figure 6, emphasizing that

consumption is higher and more variable for higher UV index values.
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Figure 6: Boxplots relating energy consumption to different UV index levels.
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The distribution of electricity consumption was also analyzed based on some numerical variables
of the model, which can be seen in figure B1 of the appendix B. In general, it was observed that
variables such as T'emp max, T'emp, T'emp min, Passengers, and M ovements exhibit a pos-
itive relationship with electricity consumption. On the other hand, variables such as Cloud_cover
and Humidity negatively impact electricity consumption. There are also some variables where

there seems to be no significant relationship, such as the T'emp range and Visibility variables.

For time series manipulation, the correlation of the series with past periods was examined using
an autocorrelation plot, shown in Figure 7, at a significance level of 95% (dark blue lines), once
again confirming the annual seasonality in the data, since the positive peaks have a difference of

365 lags.
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Figure 7: Autocorrelation Plot of Consumption Series

Additionally, the time series was decomposed into the three aforementioned components to un-
derstand the temporal evolution of the data, with an additive decomposition method. By isolating
these elements, it becomes possible to identify long-term patterns, seasonal variations and irregular-
ities in the data. This in-depth analysis makes it possible to extract valuable insights into underlying
trends, recurring seasonal behaviors and temporal anomalies, providing a solid basis for informed
decision-making and more accurate forecasting strategies. In this case, it helped in the choice of

parameters for the construction of ARIMAX, in order to integrate a parameter that requires working
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with seasonality. Figure 8 shows the decomposition of the time series.
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Figure 8: Additive Decomposition of Consumption time series

If the time spectrum was wider, it might be possible to see that the pattern visible in the trend was

actually a cycle, another property of time series to consider when manipulating them.

4.2 Modeling findings

Training the Random forest model resulted in a model with a minimum of 10 observations needed
to create a node, a maximum depth of 30 for each tree, a minimum of 15 observations required for a
leaf, a minimum of 15 observations needed to consider splitting an internal node, 500 trees in each
split and an optimum number of variables to use of 36, resulting in a model with explanability of

96.8% of the target variable.

Random Forest top 20 most important features is illustrated at Figure 9.
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Figure 9: Random Forest Variable Importance

It can be observed that the moving averages of certain variables stand out the most, both on a
weekly and monthly basis, indicating that temperature, movements, and passengers’ variables hold

higher importance values.

In Figure 10, a comparison between the actual data and predictions provided by the Random

Forest model is shown.
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Figure 10: Real Data (dark blue line) vs. Random Forest Predictions (light blue line)
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ARIMAX was trained and used to recursively predict on the previous set of top 20 variables.
Figure 11 shows a graph of the model’s performance as the number of variables from the top 20

used increases. The number of variables used corresponds to the minimum point on the graph.
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Figure 11: ARIMAX performance variation for different number of explanatory variables.

After applying the ARIMAX model, the following adjusted model was obtained: ARIMA(3,1,1)
with Box Cox transformation lambda of 0.54, which means it uses 3 autoregressive lags, first-order

differencing to make the series stationary, and 1 moving average lags.

In Figure 12, a comparison between the actual data and predictions provided by the ARIMAX

model is presented.
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Figure 12: Real Data (dark blue line) vs. ARIMAX Predictions (light blue line)

To obtain the final forecasts, the two models were averaged, with a result on the test data, shown

in figure 13.
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Figure 13: Real Data (dark blue line) vs. Final Predictions (light blue line)
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4.3 Model Evaluation

To assess the performance of the models, as mentioned earlier, the following prediction error

metrics were utilized: MAE, MSE, RMSE, and MAPE.

Table 1 displays the results of each of these metrics, calculated from the average using the pre-

dictions of the test data, for each model and their respective combination.

Table 1: Models Evaluation

Model MAE MSE RMSE MAPE

Random Forest 3743.217 27315008 5226.376 7.998852
ARIMA 4246.868 40724717 6381.592 8.499076
Combination 3593.716 29675541 5447.526 7.319280

4.4 SHAP Analysis

As mentioned in section 3.5, SHAP allows for the actual interpretation of the forecast of an ex-
planatory variable, calculating the impact of each of these variables on the forecast made by Random
Forest, considering the local importance of the variable and its changes as the values increase or de-
crease. The beeswarm graph, in Figure 14, orders the variables by their mean effect on the forecast
and shows how the lowest and highest values of these variables impact on the forecast consumption
value, in addition to ordering them according to their greatest importance, as was done previously

in Figure 8 of section 4.2..
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Figure 14: Shapley Values for some features, where dark blue represents higher feature values
and light blue represents lower feature values.

Here it is possible to observe that, for example, higher values for the weekly moving averages of
Movements or Passengers have positive SHAP values, while lower values have negative SHAP val-
ues. This implies that days with higher average Movements or Passengers have a higher predicted
consumption. For lower weekly moving averages of cloud cover, positive SHAP values are asso-
ciated, and vice-versa. The same analysis can be applied to the remaining variables. Additionally,
the distribution of points is also informative. For instance, in the case of weekly moving averages
of Passengers, a zone with a higher density of points with average values is located in an area of
low SHAP values. On the other hand, low values for Passenger variable extend far to the left, sug-
gesting that low values of Passengers have a stronger negative impact on daily consumption than

the positive impact of high values of the same variable.

For a local interpretation, for example on 10-27-2015, a waterfall plot of SHAP values was repro-
duced. This graph can also be made for several observations and the average of the SHAP values

is calculated.
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Figure 15: Shapley Values for some features, for the observation of 10-27-2015, where dark blue
represents negative SHAP values and light blue represents positive SHAP values.

This graph shows that, on this day, the fact that the average rainfall over the last 30 days was
3.53mm reduced the electricity consumption forecast for that day by 644kW h. Conversely, the
fact that the average number of passengers over the last 30 days was 24477 increased the electricity

consumption forecast for that day by 1954kW h. This analysis can be done for any of the variables.

In addition to analyzing the effect of some features, it is also possible to examine the behavior
of one variable in relation to another. Given that two of the variables that demonstrated greater
importance in the study were T'emp max and Movements, a scatterplot was created, as shown
in Figure 16, illustrating the impact of the interaction between these two features on the predicted

value of electricity consumption.
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Figure 16: Shapley Values Maximum Temperature against Movements where darkblue represents
higher values of Movements and light blue represents lower values of Movements.

It can be observed that, overall, high values of T'emp max paired with high values of
Movements exhibit higher SHAP values. In contrast, average/low values of Temp max

coupled with low values of M ovements result in negative SHAP values.
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5 Discussion

The main objective of this study was to see whether the combination of two forecasting methods,
combined with explainability and interpretability, would result in a good form of forecasting, with
significant insights in this context. To assess the validity of the proposed research questions, a
Random Forest model and an ARIMAX model were developed, as well as a combination of the
two. In addition, a KerneISHAP explainer was developed to interpret the model. In this section,
the results of the study will be discussed to verify whether there is evidence to support the research

questions.

First, the Random Forest Machine Learning model was trained with different parameters and
validated using the time series cross validation method, which resulted in the predictions seen in
Figure 9 and the error measures in the first row of Table 1. Compared to Moon et al. (2018), who
applied the RF model and then a combination of RF and MLP, the RMSE performance metric for
RF model was slightly higher (5226.376kW h vs. 4675.762kW h), as well as MAPE (7.999% vs.
5.641%).

With regard to the second model, ARIMAX, the modeling carried out with the 18 most important
variables in the Random Forest, which came up with the predictions seen in Figure 12 and the error
measures in the second row of Table 1, resulted in a model capable of capturing the seasonal patterns
and trend of the data, based on the automatically determined autoregressive lags, differentiations
and moving average lags. This model, applied to the test data, achieved a reasonable performance
(MAPE = 8.499% and MAE = 4246.868kW h), compared to the MAPE of the ARIMAX with
wheather and traffic of 3.3%, the MAPE of ARIMAX with weather, of 6.281%, by Madhavi et
al. (2017), and the ARIMAX with building-level occupancy data, with MAE of 2.889kW h and
MAPE of 1.217%, by Iftikhar et al. (2010).

The combination of these two models resulted in a model that outperformed each of the models
individually, with a MAE of 3593.716kW h and a MAPE of 7.319%, thus confirming the study’s
first hypothesis, which asked whether the combination of Machine Learning and Time Series models

collectively outperformed each of these models individually in terms of performance metrics.

From the explainability analyses provided by the Shapley Values visualizations, it is possible to
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draw concrete information on what each variable causes in each of the observations. This com-
plexity in interpretability takes forecasts deeper, allowing managers, such as in Faro Airport, to get
advance information not only on future consumption, but also on possible changes or improvements
to be made to some of the characteristics that most affect electricity consumption at the airport, thus
validating the second hypothesis, which questioned whether the insights derived from these models

would be useful in making practical decisions or formulating strategies.

With regard to the last research question, which asked whether the insights derived from explain-
ability methods highlight any instability or uncertainty in the models’ predictions, it can be seen in
the graphs produced from the Shapley Values that the residuals of the predictions can be explained

in detail by each variable, in order to obtain the real value of consumption.

It should be noted that the data has suffered an imbalance in the usual seasonal trend and pattern,
due to the global Covid-19 pandemic, which from March 2020, closed most establishments in Por-
tugal and, obviously, canceled air travel for some time. Although the restrictions eased in 2021,
there was still a big impact on air travel. Thus, these two atypical years clearly produced significant
deviations in the model’s forecasts, but they were kept in the dataset, since these low electricity con-
sumptions are accompanied by variables that also accompanied this decrease, namely Passengers

and M ovements, which at times remained 0.
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6 Conclusion and Developments

Integrating advanced Machine Learning techniques with Time Series models has unequivocally
proven to be an exceptionally efficacious strategy in substantially enhancing the predictive prowess
of individual models. This, exemplified by the fusion of a sophisticated Random Forest model and
an adept ARIMAX model, strategically leveraging the most salient variables identified by the Ran-
dom Forest, not only culminated in forecasts of heightened accuracy but also fortified robustness.
This strategic synergy becomes particularly conspicuous when grappling with the inherent volatil-
ity and intricacies characterizing time series data; the Random Forest adeptly captures intricate and
nuanced patterns, whereas the ARIMAX adeptly navigates through temporal trends and seasonal

variations.

Furthermore, the intrinsic elucidative capabilities of these models bear immense value in the
realm of pragmatic decision-making and the formulation of strategic initiatives. The interpretability,
facilitated by the Shapley Values, engenders a profound and comprehensive comprehension of the
myriad factors that underpin forecasts, both at a global scale and within localized contexts. This
unprecedented level of transparency stands as an imperative linchpin for transforming the intricate
results generated by these models into a comprehensible and human-friendly format. This, in turn,

expedites the seamless implementation of informed strategies within real-world scenarios.

However, as the study unfolded, a singular constraint emerged in the form of data oscillations
observed during the anomalous COVID-19 period. Despite the potential remedial measure of ex-
cluding the 2020 data, it was decided to retain it owing to the influence of accompanying variables.
Remarkably, removing this data did not result in a substantial shift in model performance. Addi-
tionally, the imputation of moving averages in certain variables encountered notable challenges,

underscoring the intricacies involved in data manipulation.

The envisaged augmentation of the modeling framework involves the judicious inclusion of novel
datasets, such as detailed information pertaining to the types of aircraft operational at the airport and
comprehensive insights into their maintenance and ground operations. This thoughtful expansion
aims to provide a more panoramic view of energy consumption patterns, as diverse aircraft types

inherently exhibit disparate energy requirements during their operational lifecycles. Moreover, the
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contributory facets of maintenance activities and airfield operations offer invaluable nuances to the
overarching consumption dynamics. By integrating these nuanced variables into the predictive mod-
els, an unprecedented level of granularity and context-specific insights can be harnessed, thereby
leading to markedly more accurate and refined forecasts. This analytical refinement is grounded in
an exhaustive comprehension of airport operations, fortified by the consideration of factors uniquely
germane to the aviation industry, which, collectively, enriches the model’s predictive acumen and

furnishes a more holistic and accurate depiction of energy consumption within the airport milieu.

Another enhancement that could complement the study, resulting in improved performance,
would be to include more historical data. In other words, extending the temporal scope could allow

the visualization of more evident seasonal patterns and cycles.

A noticeable detail in Figure 13 is the model’s inability to closely approximate the high consump-
tion levels during the summer months. A suggested approach for future investigation would be to
train a model exclusively on these summer months to accurately capture this specific information
and generate more precise forecasts. A less sophisticated approach could involve incorporating a

percentage of the previously made predictions for these months.

As the trajectory unfolds towards future projects, a thoughtful consideration revolves around the
prospective imputation of values for explanatory variables. Given their inherent unknown nature
for future periods - excluding the exceptions of passenger and movement figures, reliably projected
nearly a year in advance - contemplating the calculation of extended 30-year averages for these
unknown variables emerges as a sagacious approach. This meticulous approach ensures a robust
foundation for future forecasting endeavors, duly factoring in the uncertainties inherent in variables

yet to be known.
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Appendix

A Data Dictionary

Table Al: Original Variables - Data Dictionary

Variables Description

Date Date, yyyy/mm/dd
Consumption Electricity consumption, Kwh
Temp max Maximum Temperature, °C
Temp min Minimum Temperature, °C
Temp Mean Temperature, °C
Dew Dew Point, °C

Humidity Relative Humidity, %
Precip Precipitation, mm
Precip_prob Precipitayion Probability, %
Wind_speed Wind Speed, Kph
Wind_dir Wind Direction, °

Sea level pressure Sea Level Pressure, mb
Cloud_cover Cloud Cover, %

Visibility Visibility, Km

Solar radiation Solar Radiation, W/m”2
Solar_energy Solar Energy, MJ"2
Uv_index UV Index

Sunrise Sunrise time, h

Sunset Sunset time, h

Opening Opening time, h

Closing Closing time, h

Duration Duration, h

Passengers Passengers

Movements Movements
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Table A2: Deleted Variables - Data Dictionary

Variables Description
Name City Name
Precip_type Precipitation Type

Severe risk
Conditions

Description

Icon
Stations
Wind_gust
Feelslike

Feelslike max

Feelslike min
Precip_cover
Snow
Snow_depth
Moon_phase

Severe Risk
Text about the weather

Description of the weather

Weather Icon
Stations source
Wind Gust
Feels Like, °C

Maximum Feels Like, °C

Minimum Feels Like, °C
Precipitation Cover, %
Snow, cm

Snow Depth, cm
Moonphase

42



Table A3: New Variables - Data Dictionary

Variables Description
Day sin Trigonometric encoding of the cycle in sine wave format for Day
Day cos Trigonometric encoding of the cycle in cosine wave format for Day

Weekday sin
Weekday cos
Week sin

Week cos
Month_sin
Month _cos
Quarter sin

Quarter cos

Hours sun

Temp range
Holiday

Hours without sun

Growth_Rate Percent

SeasonSpring
SeasonSummer
SeasonWinter
MA week ...
MA month ...

Trigonometric encoding of the cycle in sine wave format for Weekday
Trigonometric encoding of the cycle in cosine wave format for Weekday

Trigonometric encoding of the cycle in sine wave format for week

Trigonometric encoding of the cycle in cosine wave format for Week
Trigonometric encoding of the cycle in sine wave format for Month
Trigonometric encoding of the cycle in cosine wave format for Month
Trigonometric encoding of the cycle in sine wave format for Quarter

Trigonometric encoding of the cycle in cosine wave format for Quarter

Number of Hours with Sun
Temperature Range

1 if Holiday, 0 o/w

Working Hours Without Sun

Quarterly Consumption Growth Rate Percent

1 if Spring, 0 o/w

1 if summer, 0 o/w

1 if Winter, 0 o/w
Week Moving Average
Month Moving Average
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B Descriptive Analysis
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Figure B1: Distribution of Consumption over (a) Maximum Temperature; (b) Minimum Temperature;

(c) Mean Temperature; (d) Dew Point; (¢) Humidity; (f) Precipitation; (g) Wind Speed; (h) Wind Direction;

(i) Sea Level Pressure; (j) Cloud Cover; (k) Visibility; (I) Solar Radiation; (m) Solar Energy; (n) Duration;
(o) Passengers; (p) Movements; (q) Hours of Sun; (r) Temperature Range
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