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Abstract vil

Diploma Thesis

Electric Load Forecasting for Educational Buildings Using Machine

Learning

Koutsi Angeliki

Abstract

Electric load forecasting is an essential component of modern energy management, al-
lowing utilities, regulators, and facility operators to estimate future electricity demand and
plan appropriately. Precise projections facilitate the utilization of resources for generation and
distribution, lower operating expenses, while improving system reliability, all of which con-
tribute to more general sustainability objectives. In the building context, load forecasting can
further guide energy saving initiatives, demand-side management programs, and peak load
reduction strategies. Educational buildings, in particular, pose a unique forecasting issue be-
cause of their highly changeable usage patterns, which are affected by academic timetables,
seasonal breaks, and shifting occupancy levels. These elements work together to produce a
complicated and constantly shifting demand profile, as do the effects of external variables
like temperature. Therefore, it is essential to comprehend and forecast these consumption
trends in order to improve operational effectiveness, reduce energy waste, and facilitate the
transition to more resilient and sustainable energy systems.

This thesis focuses on predicting the electricity consumption of educational buildings us-
ing historical load and weather data from the ASHRAE Great Energy Predictor III dataset.
The study evaluates three different forecasting approaches—AutoRegressive Integrated Mov-
ing Average (ARIMA), Extreme Gradient Boosting (XGBoost), and Long Short-Term Mem-
ory (LSTM) neural networks. By comparing the performance of these models using standard
accuracy metrics, the research aims to identify the most effective approach for short-term
load forecasting.

The findings indicate that even though LSTM and ARIMA offer accurate predictions,
XGBoost performs best, surpassing the other models by a significant margin with an RMSE
of 2.25 kW and a MAPE of 2.39%. These results demonstrate the extent to which machine

learning techniques —in particular, gradient boosting— work for predicting short-term electri-
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Lepiinyn X

Authopoatikny Epyacio

popreyn Hiektpikov @opTtiov Yo Kripio Exnaidocvong pe Xpion
Meg066mv Mnyovikig Madnong

Kovton Ayyehk

IHepiinyn

H npoPieym niektpucod goptiov amoterel Pacikd otoryeio TG GUYYPOVNG EVEPYELKNG
Sl ElpIong, EMTPEMOVTAG GE ETALPEIEG KON WPEAELOS, PLOIOTIKEG aPYEG KOl OLOYELPLOTES
EYKOTAGTAGE®V VO, EKTILOVV TN UEALOVTIKT (TNOM NAEKTPIKNG EVEPYELNG KOL VO TPOYPOLLL-
patiCouv avaroya. Ot akpiPeic TpoPArEyelg dtevkoAhvouy TV opboroyikn a&lomoinomn Twv
TOPOV Y10 TNV TOPAYMYN Kol SIUVOUT, LELOVOVV Ta AEITOVPYIKE £€00a KOt BEATIOVOLY TNV
a&lomotioo TOL CLGTNUATOS, SLUPBGAAOVTAC TOPAAANAL oTNV EmiTEVEN ELPVTEP®V CTOYWV
Blooomtag. Xto mAaicto Tov KTipimv, n TpdPreyn eoptiov puropel emmAéov va Kabodnyr-
o€l TPOTOPOLALES EE0IKOVOUNOTG EVEPYELAS, TPOYPALLATO dlaxeiptong {RTnong Kot oTpath-
YéG petmong eoptiov ayuns. To ekmodevTikd KTipia, e101KOTEPA, TOPOLSLALOVV 1oL 1310~
TEPN TPOKANOT TPOPAEYNC AGY® TV 11aitepa LETOPAALOUEV®DV TPOTOHTTWV YP|O™G TOVGS, TO.
omoia ennpedloviot amd aKadNUOTKE TPOYPELIATO, ETOYLUKEG OLOKOTESG KOl LETAROAAOUEVOL
enmineda TANPOTNTOG. O1 TOPAyOVTES 0VTOL, GE GUVOLAGUO LLE TIG EMOPACELS EEWMTEPIKMV [LE-
taffAnToOv 0nwc n Beppoxpacio, SNUOVPYOLV Eva TOADTAOKO KOl GLVEXDS UETUPAAAOUEVO
TpoPid {fTnonc. Zuvenmg, 1 KaTavonon Kol 1 TPOPAEYN OVTOV TOV TACEDV KOTAVAA®GONG
etvar amapaitn yro ) PerTioon g AEITOVPYIKNG ATOd0TIKOTNTAGS, T HLelmon g evepyeLo-
KNG OTOTAANG KO T SlEVKOAVVET TG PeTdfaong o€ mo avOekTikd Kot oo evepyEloKd
GLGTNLOTAL.

H napodoo Sumhmpatikng pyacio EXKEVIPOVETAL GTNV TPOPAEYT TG KATOVAA®ONG NAe-
KTPIKTG EVEPYELNG OE EKTTOLOEVTIKA KTIPLXL, YPTCLULOTOIDVTAG IGTOPIKA OESOUEVA POPTIOL Ko
KOPIK®V cuvOnK®Vv amd 10 cuvoro dedopévov ASHRAE Great Energy Predictor II1. H pe-
Aétn alloroyet Tpelg SLopopeTIKEG TPOGEYYIGES TPOPAEYNS — TO GTATIOTIKO LOVTEAO Au-
toRegressive Integrated Moving Average (ARIMA), Tov akyopiBpo unyovikrg pabnong Ex-
treme Gradient Boosting (XGBoost) kot ta vevpwvikd diktvo Long Short-Term Memory

(LSTM). Méow g o0yKplong TS omdd0ong TV HOVIEA®MY UE XPNOT KOOEPOUEVOV [LE-
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X Lepiinyn

TPIK®OV akpifetog, N Epevva 6ToXEVEL GTOV EVIOTICUO TNG TTLO OTOTEAEGUOTIKNG peBdOo yia
BpoayvmpdOeoun TpdPrieym poptiov.

Ta evprjpata detyvouv 6tL, Tapdro mov ot péBodot LSTM kot ARIMA mapéyovv axpifeic
nmpoPréyelc, 1 XGBoost amodidel kolvtepa, EEMEPVAOVTAG GNUAVTIKAE TOL VTOAOUTO LLOVTEAQ
pue RMSE 2.25 kW ka1 MAPE 2.39%. Avtd ta anoteAéoporto Katadetkviovy Tov Baduod otov
01010 Ol TEXVIKEG UNYOVIKNG LABNoNG —0TNV CLYKEKPLUEVT TepinTmon To gradient boosting—
elvol amoTeAeGUATIKES Yio TNV TPOPAEYN BpoayvtpdOesmV NAEKTPIKOV POPTIOV GE EKTTOL-

OEVTIKEG EYKOTAGTAGELG.

AéCarc-kAre0nd:
HAextpiopdc, Evépyea, [Ipopreyn @oprtiov, Ktipra, ARIMA, XGBoost, LSTM
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Chapter 1

Introduction

Electrical power system management and optimization have advanced significantly as a
result of the world’s growing energy consumption. Buildings are among the industries that
use the most power, making up a major portion of global energy demand. Therefore, in the
larger framework of sustainability and climate change mitigation, the efficient operation of
building energy systems is essential. Buildings, being complex and dynamic systems, dis-
play a wide range of energy consumption patterns that are impacted by a variety of factors
such as occupancy behavior, use schedules, environmental conditions, and technological fa-
cilities. This complex nature makes it difficult to comprehend and successfully manage their
energy demands. Unpredictability in demand, along with changes in external factors, such
as weather, results in major uncertainty for energy providers and facility managers. Further-
more, new technologies like smart meters, renewable energy sources, and demand response
programs are changing the way buildings use electricity. While these innovations provide
several benefits, they also increase complexity and unpredictability. Therefore, it is essen-
tial to find trustworthy methods for comprehending and forecasting building energy usage in
order to increase efficiency and promote a cleaner and smarter energy future. Overall, these
features and complications emphasize the need for improved tools and approaches that can
capture the multidimensional nature of building energy usage. Addressing these concerns
is crucial for improving energy efficiency, lowering operational costs, and contributing to

sustainable energy systems on both local and global scale.

1
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2 Chapter 1. Introduction

1.1 Thesis Object

This thesis aims to tackle the difficulty of precisely predicting the power usage of ed-
ucational facilities, which are distinguished by wildly fluctuating and inconsistent demand
patterns. As previously stated, these patterns can be affected by academic calendars, seasonal
breaks, varying occupancy, and weather conditions, all of which complicate the act of fore-
casting. The goal of this thesis is to provide an accurate estimate of short-term load in such
scenarios, allowing for better energy planning, waste reduction, and operational efficiency.

To achieve this, the thesis makes use of historical energy consumption and weather data
from the ASHRAE Great Energy Predictor III dataset. Three different forecasting approaches

are applied and compared:

* ARIMA (AutoRegressive Integrated Moving Average), a classical statistical method

that models time-series data by capturing trends and seasonality.

* XGBoost (Extreme Gradient Boosting), a machine learning method that builds an en-
semble of decision trees and is known for its accuracy and robustness in handling com-

plex data.

* LSTM (Long Short-Term Memory) neural networks, a type of deep learning model
specifically designed to capture temporal dependencies in sequential data, making it

suitable for load forecasting tasks.

By evaluating these approaches using standard accuracy metrics, the thesis seeks to estab-
lish which methodology delivers the most trustworthy forecasts in the context of educational
buildings. In doing so, it also emphasizes the trade-offs between simplicity and interpretabil-
ity (as in ARIMA), performance and flexibility (as in XGBoost), and modeling power at the
cost of computational complexity (as in LSTM). The results are intended to give significant
insights into each method’s strengths and limits, as well as suggestions for future forecasting

applications in building energy management.

1.1.1 Contribution

This thesis’ contribution can be summarized as follows:

1. Study of the main problem. Specifically, the nature and patterns of energy consumption

Institutional Repository - Library & Information Centre - University of Thessaly
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1.2 Structure of Thesis 3

in educational buildings, based on periods of buildings’ employment during time and

weather conditions.

2. Data filtering and preprocessing, which includes collecting, cleaning, and transforming
the data of the ASHRAE Great Energy Predictor III dataset and turning them into the

desired form for the forecasting.
3. Construction and implementation of the three models; ARIMA, XGBoost, and LSTM.

4. Performance evaluation using the metrics RMSE, MAE, and MAPE. In this way, the

performance of each method in short-term load forecasting is assessed.

5. Comparing the evaluation metrics of the models to determine which gives the best

result and addressing their benefits and limitations.

1.2 Structure of Thesis

The rest of this thesis is structured as follows: Chapter 2 presents the outline and impor-
tance of load forecasting using conventional statistical methods and modern ones, such as
machine and deep learning. Chapter 3 provides a full overview of the ARIMA, XGBoost,
and LSTM modeling methodologies. Chapter | describes the implementation including the
dataset itself, data handling, and models used step-by-step. Moreover, it analyzes and exam-
ines the findings of the experiments, providing a comparative study of the three forecasting
methods. Finally, Chapter § summarizes the main findings, considers the study’s limitations,

and suggests options for further research.
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Chapter 2

Load Forecasting

2.1 Introduction

Electric load forecasting is the practice of estimating future energy demand using histor-
ical usage data, external factors like weather, and contextual indications such as occupancy
patterns. For power systems to operate dependably and economically, accurate forecasting is
essential because it facilitates tasks like managing demand response, scheduling generating
units, and planning infrastructure investment [1]]. With the increasing influence of renewable
integration and decarbonization legislation, the significance of precise load forecasting in
modern-day energy systems has increased.

Buildings account for a major portion of worldwide power consumption, making the
building industry important in terms of load forecasting. Due to academic calendars, class
schedules, exam periods, and holiday closures, educational buildings show special electricity
use patterns [2]. They differ from other building categories due to the significant weekly and
seasonal fluctuations created by these circumstances. Thus, forecast accuracy in educational
settings has been demonstrated to increase when building-specific data, such as schedules
and occupancy are included [2].

The emergence of improved metering technology and open access datasets has encour-
aged research on building-level solutions. In particular, the ASHRAE Great Energy Predictor
III [3] dataset offers a thorough baseline to compare load forecasting techniques for various
building types. This thesis focuses on educational buildings from the dataset and applies the
forecasting approaches ARIMA, XGBoost and LSTM. Their results are evaluated by the

metrics of root mean square error (RMSE), mean absolute error (MAE), and mean absolute

4
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2.2 Load Forecasting Fundamentals 5

percentage error (MAPE). The next sections of this chapter give an overview of load fore-

casting techniques, their importance, and the variety of methodologies available.

2.2 Load Forecasting Fundamentals

Load forecasting is the practice of predicting future power consumption over a set time
period. Its main goal is to guarantee that supply and demand may be consistently balanced,
enabling the safe, effective, and cost-effective operation of power systems [|1]. For a variety
of stakeholders, such as utility companies, grid operators, legislators, and building energy
managers, reliable forecasts are highly desirable.

Forecasting is categorized in three major types based on the time intervals they cover.
Short-term load forecasts (STLF), spanning from minutes to days, which are used to support
real-life system operation control, demand response programs, and economic plans. Medium-
term load forecasts (MTLF), from weeks up to months, for energy procurement strategies and
maintenance planning in generation, transmission, and distribution systems. Long-term load
forecasts (LTLF), ranging up to years, contributing in building an infrastructure development
and capacity planning guide [[1].

A number of factors affect load forecasts. The weather (temperature, humidity, solar in-
tensity), calendar factors (day of the week, holidays, season of the year), and socioeconomic
factors (population growth, business activity) are important drivers of electrical, heating, and
cooling demand [[]]. Operating schedules, occupancy trends, and climate conditions are all
equally important at the building level.

Figure shows a flow diagram of the method of load forecasting. Typical steps in the

load forecasting pipeline include [[1]]:

1. Data acquisition: Assembling load data over time collectively with exogenous ones,

like weather, occupancy, and calendar information.

2. Datapreprocessing: Filtering data, dealing with missing values, and bringing the dataset

into a desirable form.

3. Modeling: Building and training statistical, machine, or deep learning models to shape

a relationship between inputs and outputs.
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6 Chapter 2. Load Forecasting

4. Evaluation: Evaluating forecast accuracy by comparing model behavior using param-

eters like RMSE, MAE, and MAPE.

Figure 2.1: Flow chart of load forecasting method []1]]

2.3 Statistical Methods

2.3.1 Overview

Among the first and most popular approaches for load forecasting are statistical meth-
ods. Using historical load patterns as a basis, these methods presume that statistical models
with particular assumptions about linearity, stationarity, and noise can represent the connec-
tions between demand and explanatory variables [4]. Historically, statistical methods have
been widely employed in utility forecasting practices, especially for short- and medium-term
horizons, due to their ease of use, interpretability, and lower computational cost. Regression-
based methods, autoregressive models, and seasonal models are some of the most frequently
utilized statistical techniques. They are also helpful as benchmark models that are used to

evaluate more complex deep learning and machine learning algorithms [4].

2.3.2 Autoregressive Integrated Moving Average (ARIMA)

The ARIMA model is one of the most largely used time-series forecasting methods. It

combines three elements [3]:
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2.3.2  Autoregressive Integrated Moving Average (ARIMA) 7

* Autoregression (AR), which uses past data to predict future values.
* Integration (I), which makes use of data differencing to achieve stationarity.

* Moving Average (MA), which integrates linearly previous forecast errors to predict the

error terms.

ARIMA models are prominently suitable for STLF when the examined series appear to
be stationary —or can be converted into a stationary format— as they have strong autocorrela-
tion [5]. However, they do not function favorably with nonlinear inputs, external influences,
such as weather, and unexpected noise [5].

From a mathematical scope, each one of the ARIMA components uses a variable, p, d,

and q, and it is often referred as ARIMA(p,d,q). Specifically:
* p: autoregressive lag observations (number of past values used for the prediction),

* d: degree of differencing (times the previous value was subtracted from the current

value to remove trends or seasonality),
* ¢: moving average window (number of past forecast errors used in the model).
The general form of the ARIMA(p,d,q) is expressed as [5]:
¢p(B)(1 — B)%y: = 0,(B)e;

where:

Yy, 1s the load at time ¢,

B is the backshift operator (By, = y; — 1),

* ¢(B)=1— ¢ B — ... — ¢,B? is the AR polynomial,

*(B)=1-6,B— ... — 0,B%is the MA polynomial,

* ¢, is a white noise error term.

Institutional Repository - Library & Information Centre - University of Thessaly
03/09/2026 11:19:36 EEST - 216.73.216.156



8 Chapter 2. Load Forecasting

2.3.3 Advantages and Limitations

Statistical techniques, and ARIMA in particular, have been used for a long time in load
forecasting because of their many benefits. Their interpretable and distinct parameters clarify
the way the historical load patterns affect projections for the future. They are computation-
ally efficient and relatively simple to build, which makes them appropriate for real-time or
resource-constrained applications. Furthermore, when the load series is stationary or shows
consistent seasonal patterns, these techniques function as trustworthy baseline models and
frequently generate precise projections [4].

There are some significant restrictions, though. ARIMA is based on linear connections,
which can be restrictive when modeling becomes complicated and nonlinear patterns are
found in building electricity demands. They might need differencing or other changes in
order to achieve their requirement that the underlying time series be stationary. Selecting
parameters for seasonal and non-seasonal components can be delicate and time-consuming,
demanding automated tuning processes or specific expertise. Lastly, these models are less ef-
fective than more recent machine learning or deep learning techniques due to their restricted
scalability when working with high-dimensional datasets or when including several exoge-
nous variables [4]. Despite these drawbacks, ARIMA is nevertheless important as an inter-
pretable statistical standard that serves as a basis for evaluating the effectiveness of advanced

forecasting techniques.

2.4 Machine Learning Methods

2.4.1 Overview

Machine learning (ML) is a type of computational approach that learns patterns from data
without being explicitly programmed with predefined rules [6]]. In contrast to conventional
statistical models, ML algorithms are able to detect complicated relations, high-dimensional
dependencies, and nonlinear correlations between input data and the target variable []1]].

Classic statistical approaches, like ARIMA, frequently struggle with nonlinearities, many
exogenous factors, and big datasets. Hence, ML techniques are becoming more and more
prominent in the field of electric load forecasting [|I]. To increase forecast accuracy, ML

typically combines a variety of data sources, including historical load, weather, occupancy,

Institutional Repository - Library & Information Centre - University of Thessaly
03/09/2026 11:19:36 EEST - 216.73.216.156



2.4.2 XGBoost 9

and calendar data. Compared with classic techniques, these methods are able to automatically
identify patterns in data, eliminating the need for manual feature engineering [6].

Notable machine learning approaches used in load forecasting are [6]:
* Decision Trees (DTs): Recursive partitioning of input features to predict load.

* Random Forests (RF): Assembly of decision trees that improve precision and reduce

overfitting.

* Gradient Boosting Machines (GBM): Sequentially built trees that minimize predictive

error using gradient descent.

» Support Vector Regression (SVR): Maps input data into a high-dimensional space to

detect nonlinearities.

Gradient boosting algorithms are particularly useful in load forecasting because they offer
strong predictive power along with robustness to diverse characteristics and missing data.
This thesis focuses on XGBoost since it is one of the most popular and efficient gradient

boosting solutions.

2.4.2 XGBoost

Extreme Gradient Boosting (XGBoost) is a gradient-boosted decision tree algorithm that
iteratively builds an ensemble of trees, where each new tree attempts to correct the errors of
the previous trees [[7].

Mathematically, the model predicts a target y; as [8]:

K

gi= > fulw), freF

k=1

where:
* 1z, is the feature vector for sample i,
* f; is a regression tree in the ensemble,
 F is the space of regression trees,

» K is the number of trees.
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10 Chapter 2. Load Forecasting

The objective function to minimize includes a loss term and a regularization term:
L) =D Ui i) + Y Qfr)
i k

where [ s a differentiable loss function and €)( fy) penalizes tree complexity to avoid overfit-
ting.

Because of its adaptability, XGBoost can effectively handle big datasets, missing val-
ues, and heterogeneous characteristics through parallel processing. Furthermore, it provides
feature importance analysis, which is highly useful in building energy forecasting since it

enables the evaluation of the input variables which have the most impact on predictions [§].

2.4.3 Advantages and Limitations

High predictive accuracy is provided by machine learning techniques, such as XGBoost,
especially for complicated, nonlinear, and high-dimensional datasets. They are able to record
complex interactions between load and variables that influence it including occupancy, tem-
perature, and historic consumption. Furthermore, XGBoost’s integrated regularization helps
avoid overfitting, and it is resilient to multicollinearity and missing data []1].

However, these techniques are not without their limitations. To get the best results, they
frequently need to have their hyperparameters (such as learning rate, tree depth, and num-
ber of trees) adjusted. The overall structure is still less interpretable than statistical models,
even when XGBoost offers feature importance. Furthermore, ML models may not function
effectively on small datasets and typically call for more data and computational power than
conventional methods. Despite these difficulties, the precision and adaptability of machine

learning techniques like XGBoost have made them a top choice for load forecasting [[1]].

2.5 Deep Learning Methods

2.5.1 Overview

Deep learning (DL) is a form of machine learning that uses several hidden layer artificial
neural networks to automatically learn hierarchical data representations. Deep learning can
immediately extract highly nonlinear, complicated temporal and spatial correlations from
raw data, in contrast to standard statistical models that depend on explicit assumptions like

linearity or stationarity [[1]].
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2.5.2  Long Short-Term Memory (LSTM) 11

DL approaches are very useful for electric load forecasting as load patterns are frequently
impacted by a variety of external factors (such as weather, occupancy, and holidays) and show
significant temporal dependencies (hourly, daily, weekly, and seasonal) [I]]. Such long-term
trends may be difficult for classic statistical and ML models to identify, but deep learning
—particularly recurrent architectures— has shown better results in this area.

Popular DL approaches for load forecasting include feedforward neural networks (FNNs),
convolutional neural networks (CNNs) for feature extraction, and recurrent neural networks
(RNNs) for sequence modeling [[1]].

In sequence modeling applications like load forecasting, RNNs and particularly LSTM
have proven to be highly effective algorithms. The present thesis utilizes LSTM networks,
which are able to manage complicated temporal dependencies and preserve major historical
information, to simulate the sequential patterns of energy consumption in educational build-

ings. In the following section is presented a framework for LSTMs.

2.5.2 Long Short-Term Memory (LSTM)

The LSTM network is a form of recurrent neural network (RNN) that was created to
address the disappearing and expanding gradient issues that limit the ability of ordinary RNNs
to capture long-term dependencies. In order to "remember” essential past data over extensive
sequences and “forget” unimportant parts LSTMs rely on gates to control the information
flow through the network [9].

A unit in the LSTM network is composed of three gates [9]:
 Forget gate: decides which data should be deleted from the prior cell state.
* Input gate: chooses which additional data should be included in the cell state.
* Output gate: determines what part of the cell state should be output as the hidden state.
The equations of a single LSTM cell are [9]:

fo=0 Wy [hi—1, 2] + by)

iv =0 (Wi« [hi—1, 2] + b;)

C, = tanh (We - [hi—1, ] + be)

Ot:ftQOt_1+it®C~’t
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12 Chapter 2. Load Forecasting

O =0 (WO . [htfl, xt] + bo)
hy = oy ® tanh(C})

where:

* fi, 1t, 0y are the forget, input, and output gates,

h; is the hidden state,

* 1, 1s the input at time step ¢,

C} is the cell state,
* Wy, Wi, W, are weight matrices for the corresponding inputs of each gate type,
* o is the sigmoid activation and ® denotes element-wise multiplication.

Generally, when performing load forecasting, the LSTM takes as input a series of his-
torical data and other attributes like weather or time features and predicts the following load
values. It is particularly suitable for identifying recurring patterns and seasonal changes in

electricity demand because it retains a memory of long-term dependencies [9].

2.5.3 Advantages and Limitations

There are several benefits to using DL methods for load forecasting, especially LSTM
networks. They are quite effective at simulating long-term dependencies and nonlinear rela-
tions, which are typical in building electrical power usage. LSTMs are more adaptable than
statistical techniques because they can capture seasonal cycles and short-term changes with-
out the requirement for explicit feature engineering. Furthermore, they can make use of larger
datasets thanks to their capacity to handle massive amounts of data, which improves predict-
ing accuracy [1]].

However, there are some disadvantages in DL models. Effective generalization necessi-
tates vast quantities of data, which are not always accessible in practice. In comparison to
conventional techniques, they also require a large amount of computing power for training
and tuning. Another issue is interpretability: LSTMs function as black boxes”, making it
challenging to comprehend how particular variables affect predictions, in contrast to statis-

tical models or even other ML methods. Lastly, the selection of hyperparameters (number
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2.6 Evaluation Metrics 13

of layers, neurons, learning rate) has a significant impact on their performance, involving

careful modeling and testing [|1].

2.6 Evaluation Metrics

The accuracy of forecasts in relation to actual load values must be measured using suitable
error metrics in order to assess the accuracy of forecasting models. Error metrics offer a
mathematical foundation for evaluating the practical applicability of various models, guiding
model selection, and comparing them in the context of electric load forecasting. It is crucial
to use strong metrics since forecasting errors have a direct impact on choices about energy
planning, scheduling, and operational efficiency.

This thesis refers to three commonly used evaluation metrics: Root Mean Squared Error
(RMSE), Mean Absolute Error (MAE), and Mean Absolute Percentage Error (MAPE). Each

of these emphasize on different aspects of model accuracy.

RMSE

The RMSE is the square root of the average of squared difference between predicted and

actual values:

n

RMSE = % Z(?/t — U1)?
t=1
where y, is the actual, 9, is the predicted load, and n is the number of observations [[10]. RMSE
is affected more by larger errors because of the squaring, so it is sensitive with abnormal val-
ues. RMSE gives a kW value. In the implementation it was also used the Normalized RMSE
(%RMSE), which is the RMSE divided by the mean load value for a more understandable

insight.

MAE

The MAE calculates the average of the absolute differences between predicted and actual

values:
1< )
MAE = EZM — Uil
t=1
where y; is the actual, g, is the predicted load, and n is the number of observations. MAE is

less susceptible to anomalies and treats every variation proportionately because it does not
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14 Chapter 2. Load Forecasting

square the errors as RMSE does [10]. As a result, MAE offers a clearer understanding of the

average error magnitude and is a more reliable indicator of overall prediction accuracy.

MAPE

The MAPE provides a straightforward way of interpreting model performance by ex-

pressing the forecast error as a percentage:

100 «
MAPE = — Z

Yr — Uy
Yt

t=1
where y; is the actual, y; is the predicted load, and n is the number of observations. Since
MAPE shows the average % difference from real values, it is scale-independent and simple
to understand. It is limited, though, when real values are near zero since this might result in
excessively high percentage errors [L0].

When combined, these three measures offer a thorough assessment of the model’s perfor-
mance. While MAE and MAPE offer comprehensible computations of average error in both
absolute and relative terms, RMSE highlights big variances and permits comparison across
multiple scales. This thesis provides an objective evaluation of the used models models for

electric load forecasting by applying this combination of metrics.
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Chapter 3

Methodology

3.1 Dataset Description

The dataset used for the implementation is obtained from the ASHRAE Great Energy
Predictor III competition on Kaggle platform on 2019 [3]. It was developed for evaluating
energy prediction methods and has data of a variety of energy types across a large group of
commercial buildings.

The initial dataset includes over 20 million readings attained from meters in 1,448 build-
ings located in different areas. There are four meter types: Electricity (0), Chilled Water (1),
Steam (2), and Hot Water (3).

Every register has a distinct timestamp, meter type, meter reading, and building ID. There
are also additional files with building and weather data. The former include information about
each building like site ID, primary use, square feet, year of construction, and floor counter.
As for the weather data, it was collected from local stations and contains values such as air
temperature, dew temperature, wind speed, cloud coverage, and precipitation depth.

For the purposes of this thesis, there were set some filtering criteria, resulting in the anal-

ysis to be limited to:

1. Educational buildings: Buildings with education as their primary use, to focus on a

particular group with some specific consumption patterns.

2. Electricity meter readings: Data acquisition only from meter type 0, as the main target

is electric load forecasting.

After applying these filters to the data, the dataset constricted to 549 educational buildings,

15
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16 Chapter 3. Methodology

out of which 537 had available electricity meter data. These serve as a foundation for the
forecasting experiments presented in this thesis.

The principal fields used in the study are the timestamp (time of measurements in hour
intervals), the meter reading (electricity load consumption value), the building ID (unique
number identifier for each building), and the weather data.

Due to its ability to capture both the temporal dynamics of power usage and the impact
of external factors like weather, this dataset offers a rich basis for forecasting model devel-

opment and testing.

3.2 Data Preprocessing

Preprocessing was necessary to prepare the dataset for the forecasting. This stage made
sure that the raw data —which included abnormalities and missing values— was converted into
a consistent and helpful format that could be used with statistical, ML, and DL models. Three
primary steps comprised the preparation workflow to get the data into a desired form: data

cleaning, feature engineering, and train-test separation.

3.2.1 Data Cleaning

Certain information, including year of construction and floor counter, in the original
dataset could be relevant building descriptors. Nonetheless, a significant percentage of miss-
ing data were present in these two areas. Thus, these variables were removed from the study
because it was not possible to do credible imputation without adding bias.

In the original dataset, the meter readings is in kBTU (thousand British Thermal Units).
It was used a unit transformation, due to the fact that the focus of this study is on power usage

in kilowatts (kW), by multiplying every reading with the factor 0.2931, as:
1kBTU/h = 0.29307107kW

Meter readings and weather data were also examined for missing entries. Examination of
the meter readings revealed no notable irregularities (such as severe spikes or negative val-
ues). Consequently, the values were applied as given. For weather data, missing values were
handled with common imputation methods (forward/backward filling), keeping a continuous

flow in the time series.
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3.2.2 Feature Engineering 17

3.2.2 Feature Engineering

To improve the dataset’s predicting potential, additional characteristics were extracted

from timestamp and weather observations.

Time-based features

The following features were generated from the timestamp:

* hour: records trends of consumption throughout the day,

+ day of week: discriminates weekdays from weekends,

» month: depicts variations in demand depending on the season,

* lag 1: power consumption of the previous hour, to trace temporal dependencies,

* rolling_3h: a consumption moving average of three hours in order to smooth out vari-

ations and record ongoing patterns.

Weather Features

Weather has a big impact on the amount of energy buildings use. In this study, the fol-

lowing meteorological variables was selected among the provided from the weather stations:
* air temperature
+ dew temperature
* cloud coverage
* precipitation depth (1 hour)
» wind speed

These factors were chosen because they account for environmental and thermal aspects that
can have a big influence on the total energy a facility uses, especially in educational institu-

tions with different occupancy patterns.
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18 Chapter 3. Methodology

3.2.3 Train-Test Split

The dataset was divided into training and testing subsets chronologically in order to assess
predicting performance accurately. This ensures that models are trained on historical data
and evaluated on future periods that are not yet observed. An 80-20 split was conducted
in this study, with 80% of the data being used for model training and the other 20% set
aside for testing. This ratio achieves an ideal balance between preserving a strong test set for
assessing generalization performance and providing the models with enough historical data

for learning.

3.3 Model Descriptions

This section outlines the forecasting models used in this research. Three methods, ARIMA
(statistical), XGBoost (ML), and LSTM (DL), were chosen in order to consider methodolo-
gies from various categories. Each model was trained to capture the temporal dynamics of
power consumption using the dataset mentioned above. The main ideas of each approach and

the particular implementation details used in this thesis are covered in the next subsections.

3.3.1 ARIMA

Data Preparation

For the ARIMA model, only the timestamp and meter _reading fields were kept, because
it uses only past consumption values to predict the future ones, not correlating the results with
external factors, like time or weather features. Since modeling the total power consumption
of educational buildings was the goal, the total mean of the electricity consumption of all
buildings at each hour used to form a global series. An auxiliary daily series was created
by adding up the hourly data into daily average totals in order to eliminate short-term noise
and concentrate on more general demand trends. The daily series served as a framework for

parameter selection and training of ARIMA model.

Parameter Selection

The selection of the ARIMA parameters (p, d, q) was conducted by using a grid search

method. Each parameter could range from 0 to 4 and all potential combinations were exam-
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3.3.2 XGBoost 19

ined. First, each of the possible models was fitted to the daily series and then the selection

was accomplished using the Akaike Information Criterion (AIC) [5], according to which:
AIC = —2In (L) + 2k

where L is the likelihood of the model and % is the number of estimated parameters. The
model that was finally selected was the one with the lowest AIC value. The ARIMA model

order elicited with the assistance of this procedure is (p, d, q) = (4, 1, 4)

Model Training and Forecasting

The selected ARIMA model was fitted on the training subset of the daily series. To guar-
antee stationarity applied first-order differencing (d=1), resulting in capturing both autore-
gressive and moving average dynamics. In autoregressive terms (p=4), the past four days’
values are used to predict the next day’s load and in moving average terms (q=4), the past
four days’ forecast errors are used to improve the next prediction. The predictions produced

were executed on the test subset for the same time period and length.

3.3.2 XGBoost

Feature Selection

XGBoost model uses both time and meteorological features besides raw meter readings.

The selected attributes are:
» Time features: hour of day, day of week, month.

» Weather features: air temperature, dew temperature, wind speed, precipitation depth

(1-hour), and cloud coverage.
 Lag features: previous hour load (lag 1) and 3-hour rolling average (rolling 3h).

The variables features were picked in order to record periodic trends, weather-related

impacts on power consumption, and short-term time dependencies.
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20 Chapter 3. Methodology

Model Setup and Parameter Tuning

The basic model is a XGBRegressor with the squared error objective function. For a
more accurate performance, a parameter grid was explored with a RandomizedSearchCVv

function. The hyperparameters tuned are:

* n_estimators: number of boosting trees,

* max_depth: maximum tree depth,

* learning_rate: step size shrinkage to prevent overfitting,
 subsample: fraction of training samples used per tree,

» colsample bytree: fraction of features used per tree,

* min_child weight: minimum weight of each child,

* reg alpha: L1 regularization (lasso). Helps with feature selection,

* reg_lambda: L2 regularization (ridge). Helps reduce overfitting.

Min_child weight, reg_alpha, and reg_lambda are used for regularization while the remain-
ing are the core hyperparameters.
Furthermore, it was applied a cross-validation in the time series with a 5-fold TimeSeriesSplit
using the RMSE as the optimization principle, i.e. the data was trained in five splits preserv-
ing chronological order and making sure that the future data was not used in training. This

way temporal consistency is maintained while evaluating models.

Forecasting

The trained model was employed for developing forecasts on the test set. To illustrate and
analyze the patterns in actual and expected power consumption, forecasted hourly numbers

were then summed up to daily averages.

33.3 LSTM

Feature Selection and Scaling

The LSTM model used the same time and weather features as the XGBoost model. Thus,

for time features the attributes employed are hour of the day, day of week, and month, for
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3.33 LSTM 21

weather features are air temperature, dew temperature, wind speed, precipitation depth (1-
hour), and cloud coverage, and for the lag features previous hour load (lag 1) and 3-hour
rolling average (rolling 3h). The target element, which is to be predicted, is the meter reading
variable.

To prevent data leaking, all features were normalized using a MinMaxScaler before
training and applied independently to the training and test sets. For a better convergence
during neural network training, the desired variable and input parameters were both scaled

into the [0,1] range.

Sequence Generation

LSTMs need sequential inputs and by using a time series generator supervised learning
samples were created. Through the use of a 24-hour lookback window, the model was able
to forecast the upcoming load value by utilizing the previous 24-hour feature readings. The
training process also used a batch size of 128, at each training step, the network processes

128 training samples together.

Model Architecture and Training
The LSTM model architecture consists of:
* A primary LSTM layer with 64 units and return sequences enabled,
* A dropout layer (rate = 0.2) to mitigate overfitting,
* A secondary LSTM layer with 32 units,
* A dropout layer (rate = 0.2),
* A final dense layer with a single output neuron for regression.

For the network training, the Adam (Adaptive Moment Estimation) optimizer was em-
ployed with a MSE loss function and MAE served as an additional performance evaluation
metric. Training was conducted for up to 10 epochs, each of which represented a full run
through the training dataset, with an early termination callback based on validation loss (pa-
tience = 5), for the network to iteratively modify its weights and gradually optimize the loss

function. When no progress was shown, the best weights were restored.
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22 Chapter 3. Methodology

Forecasting

Predictions were produced on the test set using the trained model. Restoring the original
kilowatt scale, required inverse transformation of the predicted values. Lastly, the anticipated

hourly loads were combined into daily averages to make comparison and visualization easier.

3.4 Evaluation Metrics

To evaluate the forecasting models’ performance, the evaluation metrics (RMSE, MAE,
and MAPE) outlined in Section P.6 were used. As mentioned, in order to give a more com-
prehensible view, Normalized RMSE (%RMSE) is also presented. Since they represent the
absolute amount of errors (RMSE, MAE) as well as their relative size (% RMSE, MAPE),
these measures were selected. MAPE and %RMSE offer a scale-independent evaluation of
prediction errors in relation to the mean daily electrical load of 74.8 kW over the period of the
testing. When combined, they offer a thorough assessment of forecast accuracy that maintains

a balance between interpretability and sensitivity to significant deviations.

All implementations were carried out in Python using the Google Colaboratory (Colab)
environment, which provides cloud-based computational resources suitable for machine and
deep learning experiments. The main libraries used for data handling were pandas and
numpy, for ARIMA modeling statsmodels, for the gradient boosting method xgboost,

and for LSTM implementation tensorflow/keras.
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Chapter 4

Results & Discussion

This chapter discusses the results of the implementation of the load forecasting models
mentioned earlier. The assessment of the methods was done through the chosen error metrics
and the results are presented and analyzed in relation with power consumption prediction
especially for educational buildings.

Figure shows the daily mean power usage of educational buildings over the period
of time studied to establish the scene for the forecasting models. The figure illustrates gen-
eral consumption trends, such as seasonal and sporadic changes, which are major obstacles

towards an accurate forecasting.

Figure 4.1: Actual Total Electricity Consumption (kW)

41 ARIMA

As discussed in Chapter [ the parameters most suitable to the ARIMA model developed
are (p, d, q) = (4, 1,4).

23
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24 Chapter 4. Results & Discussion

Figure §.2] presents a comparison between the actual observed values during the test pe-
riod and the daily electricity usage predicted by ARIMA. Smaller changes and abrupt spikes
are sometimes not entirely replicated by the model, but it does represent the general trend

and significant fluctuations.

Figure 4.2: ARIMA Forecast vs Actual Electricity Consumption (kW)

Forecast accuracy was calculated with the evaluation metrics specified above. The results

are shown in Table §.1]:
Table 4.1: ARIMA Evaluation Metrics
RMSE 15.33 kW
%RMSE 20.50 %
MAE 3.19 kW
MAPE 4.27 %
Mean Load 74.80 kW

The strong agreement between the predicted values and the actual test data demonstrated
that the ARIMA model could accurately replicate the general trend and seasonal patterns
of electricity usage in the educational facilities. The model produced projections that stayed
within a moderate range of the observed load and successfully caught the recurring daily and
weekly cycles. Some imbalances were noticeable though: the model had trouble adjusting to
abrupt changes in usage, such as those brought on by inconsistent schedules or holidays, and
peak demand levels were frequently underestimated. These drawbacks result from ARIMA’s

linear structure and dependence on historical data, which limit its capacity to take into con-
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4.2 XGBoost 25

sideration exogenous variables or non-linear impacts that have an important effect on power
consumption.

The model shows good accuracy in capturing overall consumption behavior, witha MAPE
of just 4.27%. Nonetheless, the comparatively elevated RMSE and %RMSE results demon-
strate the model’s weaknesses in managing abrupt load swings and nonlinear fluctuations.
Apart from these drawbacks, ARIMA was a powerful baseline forecasting method that showed
decent accuracy and emphasized on the significance of taking seasonality into account when
predicting load. These results encourage the adoption of more adaptable strategies, such ma-

chine learning techniques, as discussed in the following section.

4.2 XGBoost

The XGBoost model was trained on meteorological variables (air temperature, dew tem-
perature, wind speed, precipitation depth, cloud coverage), time-related features (hour, day of
the week, month), and designed lag and rolling characteristics. Time-series cross-validation
and randomized search were used to optimize the hyperparameters, and RMSE was used to
determine the optimal configuration.

The optimal hyperparameters that produced the prediction described in this section are:

Table 4.2: XGBoost Hyperparameters

n estimators 100
max_ depth 7
learning rate 0.05
subsample 1
colsample bytree 1
min child weight 5
reg alpha 0
reg lambda 10

The comparison of the actual and predicted daily power usage throughout the test period
is shown in Figure +.3. Although there is still some underestimate during sudden fluctuations
in demand, the XGBoost model matches more closely the observed values than ARIMA, with

better peak and trough alignment.
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26 Chapter 4. Results & Discussion

Figure 4.3: XGBoost Forecast vs Actual Electricity Consumption (kW)

The accuracy of the XGBoost modeled is showned in table #.3. The percentage metrics
%RMSE and MAPE are calculated in relation to the mean daily load 74.80 kW, as with
ARIMA.

Table 4.3: XGBoost Evaluation Metrics

RMSE 2.25 kW
%RMSE 3.01 %
MAE 1.85 kW
MAPE 2.39%

Mean Load 74.80 kW

From the figure, it is evident that the model successfully captures the general consumption
patterns in the test period, particularly the cyclical weekday demand observed in educational
buildings. The forecast aligns closely with the actual values, demonstrating the ability of
XGBoost to generalize well from historical training data. However, some discrepancies are
visible, most notably during periods of peak demand, where the model tends to underesti-
mate the maximum load. In addition, the model exhibits a degree of smoothing, with sharp
transitions in load not fully captured, suggesting that there is need for further incorporation
of irregular usage behaviors.

The findings show that ML is superior at capturing nonlinear correlations between weather,
temporal characteristics, and power use, with XGBoost achieving significantly lower errors

than ARIMA. Despite that there are sporadic deviations at times of rapid fluctuation, the
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4.3 LSTM 27

model offers a more accurate description of daily load variations, along with better peak pre-
diction. These findings demonstrate how effectively tree-based models can predict power
consumption and pave the way for the use of DL models, like LSTM networks, which are

made to identify sequential trends in time series data.

43 LSTM

The LSTM model was trained with the same set of features as XGBoost, which included
weather, time-related variables, and lagged load characteristics. MinMax normalization was
used to scale the data, and a 24-hour lookback window was used to record daily sequential
dependencies. The final model design included a dense output layer after two stacked LSTM
layers (64 and 32 units) with dropout regularization (rate = 0.2). The Adam optimizer, mean
squared error loss, and early stopping were used during the ten epochs of training.

The comparison of the actual and predicted daily power usage throughout the test period is
displayed in Figure 4.4. The LSTM model can track the overall consumption trend, but it tends
to smooth out abrupt swings and exhibits more deviations during times of high variability.

The evaluation metrics of the LSTM model are reported in Table #.4. MAPE and %RMSE

are both expressed in relation to the 74.80 kW mean daily load.

Figure 4.4: LSTM Forecast vs Actual Electricity Consumption (kW)

In its predictions, the LSTM model was able to reproduce the recurrent temporal patterns.
The model’s predictions correspond to the overall pattern and cyclical behavior of the real
load levels. This illustrates how the LSTM can retain consistency with the actual data and

learn short-term dependencies, especially during times of ordinary consumption. However,

Institutional Repository - Library & Information Centre - University of Thessaly
03/09/2026 11:19:36 EEST - 216.73.216.156



28 Chapter 4. Results & Discussion

Table 4.4: LSTM Evaluation Metrics

RMSE 19.39 kW
%RMSE 259 %

MAE 3.61 kW
MAPE 4.93 %

Mean Load 74.80 kW

there are occasionally disparities when the model undervalues the actual demand, particu-
larly during periods of high load. This restriction implies that although the LSTM is good at
simulating baseline consumption patterns, it is not as good at identifying sudden changes or
non-linear spikes, which could be caused by outside variables that are not taken into account
by the model (e.g. varied academic schedules, special occasions).

With significantly larger RMSE and error percentages, the LSTM model performs worse
than ARIMA and XGBoost. The very brief training period, the limited number of epochs,
or the absence of other sequential factors like occupancy patterns may have hindered the
network’s performance even if it was able to identify long-term relationships in the data.
These findings demonstrate that deep learning did not perform better than machine learning
in this study, indicating that tree-based models such as XGBoost may prove better for the

specified dataset and forecasting horizon.

4.4 Comparative Evaluation

The following charts provide a summary of the assessment metrics of ARIMA, XGBoost,
and LSTM in order to evaluate the forecasting models’ overall performance. With the lowest
errors across all assessment metrics (RMSE = 2.25 kW, MAE = 1.85 kW, MAPE = 2.39%,
%RMSE = 3.01%), XGBoost performed noticeably better than the other two methods. This
illustrates how effectively gradient boosting captures nonlinear relationships and makes use
of both exogenous and time-related data.

The ARIMA model has a reasonably strong performance, with MAPE = 4.27% and
RMSE = 15.33 kW. Its result shows the strength of statistical time series models in captur-
ing broad temporal trends, but it also shows their weakness when the series have nonlinear

interactions impacted by external variables like the weather.
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Figure 4.5: Model RMSE & %RMSE Comparison

Figure 4.6: Model MAE & MAPE Comparison

In this configuration, the LSTM model performed worse than both ARIMA and XGBoost,
with RMSE = 19.39 kW and MAPE = 4.93%. Although complicated temporal dynamics are

an appropriate fit for DL techniques, the model setup, training time, and availability of ex-
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tensive datasets all have a significant impact on the efficacy of such methods In this instance,
the predicted accuracy of the LSTM may have been constrained by the few training epochs
and rather simplistic design.

In general, according to the results, tree-based ensemble learning (XGBoost) is the best
approach for short-term load forecasting in educational buildings, when considering the ASHRAE

dataset and the chosen feature set.
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Chapter 5

Conclusion

5.1 Summary of Findings

This thesis’s main target was to apply statistical, machine learning, and deep learning
methods to predict power consumption of educational buildings. The ASHRAE Great Energy
Predictor III dataset was employed for supplying daily aggregated electrical power usage
data, which was further utilized to test three models: ARIMA, XGBoost, and LSTM.

The findings show that the maximum predicting accuracy was attained using XGBoost,
with evaluation metrics RMSE = 2.25 kW, %RMSE = 3.01%, MAE = 1.85 kW, and MAPE
= 2.39%. Its capacity to record nonlinear correlations between load, temporal data, and me-
teorological conditions is the reason for its remarkable efficiency.

A strong baseline was supplied by the ARIMA model, which provided RMSE =15.33 kW,
MAE =3.19 kW, MAPE =4.27%, and %RMSE = 20.50%. Its linear form made it difficult to
simulate abrupt fluctuations or nonlinear relationships in the load series, even if it was able
to accurately depict the general temporal trend.

The LSTM model’s metrics (RMSE = 19.39 kW, %RMSE =25.9%, MAE =3.61 kW, and
MAPE = 4.93%) showed that it was less accurate than both ARIMA and XGBoost. Despite
its stated purpose is for modeling sequential dependencies, LSTM may not have been able
to properly capture the temporal nature of the data because to its relatively basic design and
short training period.

All in all, the comparative analysis shows that while classical statistical models can still
serve as a reasonable benchmark, machine learning techniques —especially tree-based models

like XGBoost— are highly efficient for short-term load forecasting in educational buildings.
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Deep learning, on the other hand, needs more data and careful tuning to outperform simpler

methodologies.

In terms of practicality, the findings imply that XGBoost-based forecasting systems can
positively impact energy management programs in educational facilities. Precise short-term
load forecasts help facility managers support demand-side management activities, minimize
wasteful energy usage during off-peak hours, and schedule HVAC systems optimally. Incor-
porating these predictions into smart campus energy systems can also help achieve sustain-

ability and costs reduction.

5.2 Limitations

Besides the effective performance of ML for load forecasting in educational buildings,

there are some drawbacks that should be discussed.

Firstly, the ASHRAE Great Energy Predictor III dataset, which was the source of data in
the research, is considerably large and detailed but has insufficient or absent data. Excessive
data gaps forced the exclusion of certain potentially useful characteristics, including number
of floors of the building and year of construction. The lack of these factors made it more
difficult for the models to accurately represent building-specific traits that might affect power

usage.

Secondly, only weather and time-related predictors were used in the development of the
models. The dataset does not include human variables like class schedules, holidays, and
special events, which can have a significant impact on electricity consumption in educational
buildings, even if these aspects offer useful information. The models may have been able to

capture abrupt changes in consumption patterns if these characteristics had been included.

Lastly, only short-term forecasting was used for the evaluation. Even though this offers
helpful insights for operational energy management, the models hadn’t been tested for longer-
term horizons, such weekly or monthly forecasting, which may have given additional signif-

icance for planning and policy purposes.
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5.3 Future Work

Based on the conclusions of this thesis, numerous avenues for further research could be
suggested.

Adding more operational and building-specific characteristics to the forecasting algo-
rithms is one way to start. Variables that capture the human-driven features of power con-
sumption in educational buildings, such as occupancy schedules, holiday times, and build-
ing usage periods, might remarkably increase forecast accuracy. Therefore, having access
to more comprehensive datasets that incorporate these elements would improve the models’
suitability.

Future research may potentially investigate higher-level designs. One of them is creating
hybrid forecasting frameworks, that incorporate models to maximize their respective advan-
tages. For instance, XGBoost or neural networks may be used to represent nonlinear residuals,
whereas ARIMA could be employed to capture linear temporal trends.

Lastly, expanding the research to larger forecasting horizons, such weekly or monthly
electricity use, might be beneficial. These predictions might offer useful information for
strategic planning, budgeting, and sustainability projects at educational institutions in ad-

dition to daily energy management.

5.4 Final Remarks

This thesis used statistical, machine learning, and deep learning techniques to investigate
the subject of short-term load forecasting in educational buildings. The study illustrated the
relative efficacy of ARIMA, XGBoost, and LSTM models within a unified framework by
applying them to the ASHRAE Great Energy Predictor III dataset.

According to the analysis, XGBoost performed better than ARIMA and LSTM, obtaining
the lowest error levels for every evaluation metric. This result demonstrates how well tree-
based ensemble approaches can incorporate temporal and weather-related data and capture
intricate nonlinear interactions in energy forecasting tasks.

The results highlight the significance of model selection and feature engineering in load
forecasting, despite constraints, such lacking building-specific data, limiting the work’s total
scope. They also highlight the expanding contribution of machine learning towards opti-

mizing energy efficiency and promoting environmentally friendly building management in
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educational institutions.

In conclusion, the study lays the groundwork for further research into more sophisticated
and integrated forecasting technologies while also supporting the continuous attempts to im-
prove building energy consumption. Such methods can significantly save operating costs,
improve sustainability, and support the shift to smarter energy systems by facilitating more

precise forecasts of energy usage.
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