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Abstract

Improving the energy efficiency of buildings is a major challenge for sustainable development, particularly in countries such as
Benin where energy resources are limited while demand continues to grow. The objective of this article is to analyse and
synthesize existing approaches for predicting building energy consumption, and to propose a theoretical framework for
developing an artificial intelligence—based predictive model adapted to the local context. To achieve this objective, a systematic
review of the literature was conducted, focusing on three categories of energy prediction methods: technical approaches, artificial
intelligence (Al) approaches, and hybrid approaches. The methodological analysis highlights that while technical and hybrid
models rely on thermodynamic equations, Al-based models use historical data to predict future energy consumption based on
multiple environmental and operational parameters. The results of the review show that Al-based methods-particularly multiple
linear regression, artificial neural networks, and ensemble techniques such as random forests-offer high predictive accuracy and
greater adaptability, making them increasingly popular for building energy management. By examining environmental,
socio-economic, and technological factors influencing energy use, the study proposes a structured theoretical framework
integrating machine learning algorithms to improve prediction performance. The review also identifies research gaps and
outlines a methodological pathway for developing an Al-driven predictive model tailored to Benin’s climatic and infrastructural
context.
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1. Introduction

Energy management in buildings has become a global issue,
not least because of the environmental and economic chal-
lenges facing humanity. According to the International Energy
Agency (IEA, France), improving the energy efficiency of
buildings is essential to reducing greenhouse gas emissions and
energy costs [1]. The building sector is one of the world's big-
gest energy consumers, responsible for around 40% of overall
energy consumption and almost a third of greenhouse gas
emissions [2]. Optimising the energy consumption of buildings
therefore offers considerable potential for energy savings. To
this end, an accurate forecast of a building's energy consump-
tion is necessary, as it directly influences energy equipment
control strategies and, consequently, potential energy savings.

In Benin, as in many developing countries, the issue of
energy efficiency in buildings is of great importance, given
the continuing increase in energy demand, exacerbated by
population growth and rapid urbanisation. Buildings account
for around 40% of total energy consumption in Benin [3].
This energy consumption is mainly due to the use of ineffi-
cient air conditioning and lighting systems, as well as ener-
gy-intensive construction practices. Given this situation, en-
suring universal access to clean and affordable energy ser-
vices for communities, as set out in Sustainable Development
Goal 7 (SDG 7), has become a top priority for policymakers,
businesses and governments worldwide [4]. As a result, op-
erationalising energy autonomy and transition remains one of
the challenges facing the Government of Benin. One of the
reforms included in the Government Action Program me
(PAG) is the introduction of an energy efficiency and elec-
trical safety protocol for public buildings and installations [5].

Building energy management in Benin is currently facing a
number of challenges, including: a lack of reliable data on
building energy consumption; poor building energy perfor-
mance; and a lack of intelligent energy management systems
[6]. The lack of accurate data on energy consumption in
buildings is a major obstacle to implementing effective opti-
misation strategies. Without this vital information, it is difficult
to identify areas where improvements can be made and to
measure the impact of the measures taken. Similarly, the
adoption of intelligent energy management systems is still
limited in Benin's buildings. These systems make it possible to
monitor and control energy consumption in real time, offering
significant potential for optimisation and energy savings [7].

Improving the energy efficiency of buildings requires an
in-depth understanding of the energy performance of their
various components. Data collection and assessment of en-
ergy and environmental performance are therefore at the heart
of decarbonising the building stock. In addition to their use in
the operational phase for monitoring and management, da-
ta-driven analysis and prediction algorithms can be used to
design energy-efficient building envelopes and systems. They
are particularly suited to the early stages of design, when
parameter details are not readily available for numerical

168

simulation. Their use in predictive models can reduce system
operating costs, provide a thermally comfortable environment
for occupants and minimise peak demand. According to a
study by the International Energy Agency, artificial intelli-
gence can reduce energy consumption by 15% [8]. Models for
predicting energy consumption in buildings are an essential
part of strategies for controlling and using energy in buildings.
Furthermore, the ability to forecast and predict building en-
ergy consumption is one of the main concerns of building and
facility energy managers. Indeed, accurately forecasting en-
ergy consumption can be a difficult task due to the complexity
of the problem arising from seasonal variations in weather
conditions and system non- linearities and delays [9].

Recent decades have seen an increase in research activity in
the field of energy consumption prediction, particularly using
artificial intelligence (Al) techniques. This need has attracted
many researchers who are trying to predict energy consump-
tion quickly. Predicting energy consumption contributes in
particular to the efficient management and conservation of
energy in buildings, the management of energy systems by
detecting faults, and the control and operation of energy in
buildings [10]. Since the early 1990s, researchers have de-
veloped various simulation tools for predicting energy con-
sumption in buildings. These tools can be divided into three
categories: the engineering method, the artificial intelligence
method and the hybrid method. The Al-based prediction
method predicts a building's energy consumption based on its
correlated variables, such as environmental conditions,
building characteristics and occupancy status. Due to their
predictive performance, Al-based methods have been widely
applied in the field of building energy prediction. Previous
studies have compared Al-based methods with other building
energy prediction methods. Some examples are: Neto and
Fiorelli compared the Artificial Neural Network (ANN) to
EnergyPlus, a whole building energy estimation software, to
predict building energy consumption; Turhan et al. compared
the Back Propagation Neural Network (BPNN) to
KEP-IYTE- ESS another energy simulation tool, to predict
the heating load of residential buildings; and many others.
These studies have shown that Al-based approaches, which
have advantages such as model simplicity, computational
speed and learning capability over engineering and hybrid
methods, are the most appropriate method for predicting the
energy consumption of existing building stock. In addition, by
using time series data, Al-based models can be used to predict
future energy consumption behaviour, whereas energy mod-
elling software, as an advanced classical approach, provides
an energy estimate on a 15-minute, hourly, monthly or annual
basis for the known structure. This leads to one of the signif-
icant advantages of Al-based models, in that they require a
small number of parameters that adequately represent the
performance of the building, as a system, compared to
whole-building energy simulation algorithms that require a
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known structure and known parameters, as they are subject to
input variables for estimation [11]. Furthermore, most of these
models rely on historical data to deduce complex relationships
between energy consumption and dependent variables.
Among them, linear regression is often used for its simplicity
and efficiency in cases where the relationships between var-
iables are linear. Artificial neural networks have been widely
used to predict the energy consumption of buildings. The
literature has demonstrated their ability to solve non-linear
problems. Artificial neural networks can easily model noisy
data from building energy systems, as they are fault tolerant,
noise insensitive and robust by nature [9]. On the other hand,
ensemble- based methods such as random forests are less
explored by the building energy research community. The
random forest was developed by Breiman in 2001 for classi-
fication and regression problems. The random forest has
proved particularly useful for dealing with high-dimensional
problems, and its generalisation performance is highly com-
petitive [12]. Through its ease of parameterisation and its
ability to capture complex interactions, the random forest
presents attractive features, making it an interesting tool for
predicting the energy consumption of HVAC systems [9].
This paper presents a literature review of existing ap-
proaches in the field of Al-based prediction of building en-
ergy consumption with a view to optimising their manage-
ment, identifies gaps in previous research, and offers a theo-
retical framework for the development of a predictive model
in a tropical region, such as Benin. This review will make
significant contributions to the literature on energy manage-
ment and intelligent prediction technologies in the context of
developing countries such as Benin. In practical terms, it will
provide recommendations for decision-makers and building
managers to improve energy efficiency and occupant comfort,
thereby reducing energy costs and environmental impacts.
This theoretical framework will serve as a basis for the de-
velopment and validation of a more concrete model in sub-
sequent stages of the research. The remainder of the paper is
organised as follows: Section 2 reviews current research

trends on Al-based prediction of building energy consumption.

Sections 3 and 4 present the Beninese energy context and
studies on the development of predictive models in Benin and
similar regions for thermal comfort. Section 5 outlines the
methodological approach adopted to carry out the literature
review, that to be implemented for the development of the
model as well as the validation techniques of predictive
models, Section 6, the discussion with an examination of the
advantages and limitations of predictive models. The conclu-
sion and future directions of the research are presented at the
end of the article.

2. State of the Art

The management of energy consumption in buildings is
influenced by various factors, such as architectural features,
occupant behaviour and climatic conditions. To anticipate and
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optimise this consumption, several energy prediction models
have been developed, ranging from classical statistical ap-
proaches to more advanced techniques based on artificial
intelligence. This section provides an in-depth exploration of
the literature on optimising the energy management of
buildings in tropical regions using artificial intelligence. It is
structured around a bibliometric analysis, a scientometric
analysis and a systematic review, in order to map the scientific
landscape, identify research trends and assess existing
methodological approaches. The aim is to identify the foun-
dations needed to develop a robust theoretical framework
tailored to the specific climatic and energy characteristics of
tropical zones.

2.1. Bibliometric Analysis of Building Energy
Management in Tropical Regions Using Al
Tools

Optimising the energy management of buildings in tropical
climates using artificial intelligence (Al) is a rapidly expanding
field of research. A bibliometric analysis of this field will pro-
vide a better understanding of publication dynamics, the main
methodological approaches, collaboration networks and exist-
ing gaps in the literature. According to the work of Jiaxi Luo
[13], the literature on the use of Al in intelligent buildings has
grown exponentially since 2010, with a notable concentration
in Asian and European regions. The study highlights that Ma-
chine Learning methods dominate the research landscape, no-
tably through Deep Neural Networks (DNN), Random Forests
and Long Memory Networks (LSTM) used for energy demand
prediction and adaptive control. On the other hand, in a more
targeted scientometric analysis, Ali et al. [14], highlight that
research is increasingly focusing on the interoperability be-
tween Al systems and Building Management Systems (BMS),
with a growing emphasis on energy efficiency in tropical cli-
mates. They also point to the emergence of themes such as
"intelligent real-time regulation" and "hybrid Al + 0T models"
as future research areas. Rodriguez-Gracia et al. [15] mapped
the co-citations of more than 400 publications. Their analysis
shows that research is structured around three areas: i) energy
efficiency based on predictive models, ii) the sustainability of
intelligent buildings, and iii) real-time data analysis for predic-
tive maintenance and fault detection. Finally, Ogundiran et al.
[16] propose a taxonomy of Al approaches applied to the en-
ergy efficiency of tropical buildings, identifying the major
contributions of each family of algorithms (neural networks,
SVM, fuzzy logic, reinforcement, etc.), while highlighting the
need for contextualisation in developing countries such as
Benin.

2.2. Scientometric Analysis of Building Energy
Management in Tropical Regions Using Al
Tools

Scientometric analysis is a valuable tool for assessing the
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evolution, dynamics, collaborations and publication trends in
a given scientific field. Applied to artificial intelligence (Al)
in the energy management of buildings in tropical climates, it
provides a better understanding of the structuring of global
research, its main thematic clusters, and the gaps that have yet
to be explored. Luo [13] highlights the exponential growth in
publications on Al in intelligent buildings since 2010, with a
strong concentration in China, the United States and Europe.
Although energy efficiency applications are playing an in-
creasingly important role, tropical contexts are still under-
represented in international databases such as Scopus and
Web of Science. In addition, Rodriguez-Gracia et al. [15],
through a scientometric mapping exercise, identify three main
areas of research: the use of machine learning techniques to
forecast energy consumption, the intelligent management of
HVAC systems, and anomaly detection and predictive
maintenance using neural networks and deep learning. The
majority of the work reviewed is based on classic Machine
Learning approaches (ANN, SVM, Random Forest), although
the emergence of hybrid models combining Al and 10T since
2019 is worth highlighting. In addition, Liu and Chen [17],
using the VOSviewer tool, highlight the most frequent key-
word clusters such as smart building, energy efficiency, deep
learning, and building management system; however, the
term tropical building still appears marginal, reflecting a lack
of research on tropical environments. Finally, Tushar et al. [18]
point out that the majority of studies focus on temperate or
continental climatic zones, neglecting the specific features of
tropical buildings in terms of cooling requirements, ambient
humidity, construction typologies and data intermittency.
These particularities, which are poorly integrated into current
models, call for a readjustment of approaches in order to
better respond to the climatic and energy realities of tropical
regions.

2.3. Systematic Analysis of Building Energy
Management in Tropical Regions Using Al
Tools

A systematic analysis of the literature reveals a growing
diversity of approaches mobilising artificial intelligence (Al)
for building energy management, particularly in tropical en-
vironments. Several studies present a comprehensive over-
view of Al methods applied to energy self-management and
highlight the pre-eminence of deep neural networks, decision
trees and evolutionary algorithms, often combined with 10T
devices for intelligent, autonomous control of HVAC systems,
lighting or household appliances. This technical direction
reflects a desire to automate decision-making while main-
taining optimum thermal comfort.

However, these global approaches are often not very spe-
cific to the extreme climatic conditions of tropical zones. This
is emphasised by Ogundiran et al. [16] in their review focus-
ing on energy efficiency and indoor air quality in buildings
located in hot and humid climates. They stress the fact that
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few Al models are calibrated to meet the specific require-
ments of these contexts, particularly with regard to high
cooling loads, ambient humidity and frequent energy inter-
ruptions. In addition, techniques such as reinforcement
learning or time series models, although effective in other
contexts, remain little explored in these environments.

This lack of contextualisation is also noted by Hanafi and
Moawed [19], who highlight the under-representation of
countries in the South - particularly in Africa and Latin
America - in the datasets used to train the models. Their
analysis argues in favour of building 'locally informed' Al
models capable of taking account of specific realities: natural
ventilation, intermittent data, reduced infrastructure costs, and
diversity of uses. This consideration of contextualisation is
essential to guarantee the effectiveness of Al systems in
tropical zones, where imported technological standards are
often unsuitable.

With this in mind, Ali et al. [14] propose a useful taxonomy
for structuring the field of research. They identify three main
areas of application: energy demand prediction, adaptive
system regulation and fault detection. Their work also high-
lights the growing interest in hybrid systems combining Al
and connected objects, considered particularly promising for
ensuring the resilience of buildings in the face of tropical
climate shocks such as heat waves or episodes of extreme
humidity.

The specific case of tertiary buildings in tropical climates is
receiving increasing attention, as shown by the study by
Hossain et al [20]. These buildings, such as hospitals, shop-
ping centres and universities, have highly variable energy
consumption profiles. The authors propose a ranking of Al
algorithms according to their predictive accuracy and de-
pendence on input data, underlining the importance of robust
and adaptable solutions.

Another area of research is the integration of thermal
comfort into Al-based decision-making processes. Merabet et
al. [21] demonstrate the value of genetic algorithms and
LSTM networks for dynamically adjusting air conditioning
according to actual occupancy and environmental parameters.
This approach offers interesting prospects for combining
energy efficiency and occupant well-being in regions with
high levels of humid heat. Finally, Chung-Camargo et al. [22]
complete this overview with a specific review of energy
renovation strategies for tropical buildings, in which Al is
used for inverse modelling, digital twin simulation and mul-
ti-criteria optimisation. This type of approach is particularly
relevant to developing urban tropical areas, where the existing
building stock represents a major source of energy savings.

Overall, this work confirms that despite a significant ex-
pansion in research into Al applied to energy in the building
sector, tropical contexts are still under-explored and insuffi-
ciently equipped with solutions that are truly adapted to their
climatic, economic and social constraints. This state of affairs
fully justifies the need to develop a conceptual framework
targeted at intelligent energy management in tropical regions.
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2.4. Factors Influencing the Management of
Energy Consumption in Buildings

Analysing energy consumption requires a multi-dimensional
approach that takes into account environmental, so-
cio-economic and technological factors. Climatic conditions
have a direct influence on the energy requirements of buildings,
particularly for heating and cooling. The Giroux-Works study
[23] highlights the importance of these factors in contexts
where extreme climatic variations modify energy demand. In
addition, local climatic conditions, such as outdoor temperature,
have an impact on the energy performance of buildings, as
Labeeuw et al. [24] point out in their study of the impact of
urban morphology on energy consumption. This research
shows that adapting energy practices to environmental condi-
tions is essential to improving energy efficiency.

In socio-economic terms, consumption habits and building
occupancy play a key role in determining energy demand.
Bessalem et al. [25] show that socio-economic challenges,
such as affordability of modern energy technologies, have a
significant influence on energy consumption. Economic dis-
parities can also limit the adoption of more energy-efficient
technologies, exacerbating inequalities in energy consump-
tion. In addition, economic constraints can lead to less sus-
tainable energy choices, exacerbating the carbon footprint of
the most vulnerable populations. These socio-economic fac-
tors must be integrated into energy transition strategies to
ensure that energy benefits are distributed fairly. Similarly,
technological advances are an essential lever for optimising
energy use. The integration of technologies such as those
mentioned in the Taillant study [26] on renewable energies
shows that technological innovation can reduce energy con-
sumption by improving the efficiency of existing systems.
However, these innovations require a favourable regulatory
and economic framework, as well as social acceptance, to be
fully effective. The convergence of environmental, so-
cio-economic and technological factors is therefore essential
if we are to meet today's energy consumption challenges.

2.5. Energy Prediction Models

Energy prediction plays a key role in optimising the energy
management of buildings, in particular to adapt consumption
to thermal comfort requirements. Different predictive models,
ranging from statistical approaches to artificial intelligence
algorithms, offer various solutions for anticipating and effec-
tively reducing energy consumption in buildings. This section
explores the main models used to predict energy consumption,
focusing on their application in the climatic and so-
cio-economic context of Benin.

2.5.1. Statistical Models

Statistical models play an essential role in predicting the
energy consumption of buildings. These models are based on
analytical techniques that use historical data to predict future
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consumption.

Among these models, linear regression is one of the most
commonly used methods. This model establishes a relation-
ship between energy consumption and various independent
variables, such as outside temperature and building occu-
pancy. Although simple to implement, it may not capture the
complex non-linear relationships that often exist in energy
systems [27]. In addition, AutoRegressive Integrated Moving
Average (ARIMA) models are used for time series, taking
into account temporal dependencies in consumption data.
These models are effective for predicting long -term trends,
but they require the data series to be stationary, which can be a
challenge in contexts where consumption behaviour changes
frequently [28]. Similarly, analysis of variance (ANOVA) can
be used to assess the effect of different explanatory variables
on energy consumption, by identifying the significant factors
that influence energy demand [29]. These models are often
used in contexts where data is limited or where a clear inter-
pretation of the results is required. However, their ability to
capture complex relationships is limited by their linear nature
and dependence on specific assumptions. As a result, although
these methods provide a sound basis for analysing energy
consumption, they may not be sufficient on their own to meet
today's challenges relating to the energy efficiency of build-
ings. In this context, it is essential to explore the different Al
approaches that can be applied to the prediction of energy
consumption in buildings.

2.5.2. Models Based on Artificial Intelligence

Models based on artificial intelligence (Al) have gained in
popularity in recent years due to their ability to process large
amounts of data and provide more flexible forecasts adapted
to various types of conditions. Firstly, artificial neural net-
works (ANNSs), which belong to the deep learning family, are
capable of modelling complex relationships and processing
large amounts of data, although they require significant
computational resources [30]. Similarly, random forests, a
supervised learning algorithm, combine several decision trees
to improve the robustness of predictions, although they can
become complex and costly in terms of training time [31]. On
the other hand, support vector machines (SVMs) stand out for
their ability to handle non-linear problems efficiently, but
require careful selection of hyperparameters to avoid exces-
sive computational complexity [32]. Secondly, XGBoost, a
boosting algorithm, stands out for its efficiency and ability to
handle missing data while minimising the ris k of overlearn-
ing, although it can be complex to implement [33]. On the
other hand, K-Means, an unsupervised algorithm, can seg-
ment data into homogeneous clusters, but it requires prior
selection of the number of clusters and is sensitive to outliers
[34]. In addition, deep neural networks (DNNs), which have
several hidden layers, offer a hierarchical modelling of data
suitable for complex tasks, at the cost of consuming large
amounts of computing resources and increasing the risk of
overlearning [35]. Also, reinforcement learning (RL) stands
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out for its ability to optimise decisions in real time by learning
from interaction with the environment, although it may re-

Table 1 presents different types of artificial intelligence
algorithm, with their advantages and limitations, as well as

quire a prolonged training period to converge [36].

their implementation in different fields.

Table 1. Advantages and limitations of different types of prediction algorithm.

Algorithm Type Benefits Disadvantages
. . Does not capture
. . Simple to implement . . .
Linear Supervised . . non-linear relationships
. . and interpret, quick -
regression learning A well, limited performance
to train.
for complex problems
Handles data with Can become complex and
rvi many characteristi ifficult to interpret, lon
Random Forest Supe. sed any characterist gs d _ t?u t tp terpret, long
learning well, robust to outli-  training time for large
ers. data.
Efficient for small to  High computational
Support Vector . . . . .
Machines Supervised medium-sized da- complexity, requiring
learning tasets, effective for  careful selection of hy-
(SVM) ;
non-linear problems.  perparameters.
Artificial Neu- Ability to merI . Requires a lot of data for
Deep complex relationship,
ral Networks - good results, computa-
(ANN) learning adapted to large tionally expensive
quantities of data. yexp '
Very powerful, han-  Possibly complex to im-
XGBOoOst Supe_rwsed dles missing data plemgnt, _rlsk of over-
learning well, optimised for learning if used incor-
speed and efficiency. rectly.
Unsuper- Quick and easy to Requires appropriate
K-Means SUp implement, useful for selection of the number of
. vised . e .
Clustering - identifying patterns or clusters, sensitive to out-
learning . .
groups in data. liers.
Deep Neural Ablllty to model Very co_stly in terms of
Networks Deep highly complex rela- calculation, risk of over-
learning tionships, excellent  learning, requires a great
(DNN) . -
for massive data. deal of expertise.
Reinforce- Unsuper- Adz_ipt_ed t_o dynamic Complex to implement,
. . optimisation, able to . .
mentLearning  vised - may require a long train-
- learn from its mis- - .
(RL) learning ing period to converge.

takes to improve.

Application

Prediction of energy
consumption as a
function of a number
of variables.

Modelling energy
consumption, taking
multiple factors into
account.

Classification of
types of energy con-
sumption.

Detailed prediction of
energy consumption
from large databases.

Accurate real-time
prediction of energy
consumption.

Identification of
groups of buildings
with similar con-
sumption profiles.

Advanced modelling
for long-term predic-
tions.

Real-time optimisa-
tion of energy con-
sumption in response
to environmental var-
iations.

Implementation of the algo-
rithm in the literature

Prediction by multiple linear
regression: application to the
thermal behaviour of a building,
Abdellatif et al. [37]

Predicting Hourly Residential
Energy Consumption using
Random Forest and Support
Vector Regression, William
Heden [38]

Predicting Hourly Residential
Energy Consumption using
Random Forest and Support
Vector Regression, William
Heden [38]

Prediction of energy consump-
tion in hotels using ANN, Trull
et al [39]

Improved prediction of energy
consumption using XGBoost
with hyperparameter settings,
ICERECT 2022 [40]

Analysis of energy consumption
structure based on K-means
clustering algorithm, Weizheing
et al. [41]

Using artificial intelligence to
optimise electrical energy in a
smart grid, Bellahsen [42]

Energy consumption forecasting
using machine learning, Mahdi
Mohammadigohari [43]

2.6. Metaheuristic Algorithms

A metaheuristic is an optimisation algorithm aimed at
solving difficult optimisation problems for which no more
efficient classical method is known. Metaheuristics are gen-
erally iterative stochastic algorithms, which progress towards
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a global optimum. They behave like search algorithms, at-
tempting to learn the characteristics of a problem afin order to
find an approximation to the best solution. There are a large
number of different metaheuristics, ranging from simple
"Local Search" to complex global search algorithms. However,
these methods use a high level of abstraction, allowing them
to be adapted to a wide range of different problems. In other
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words, these algorithms are intended to be generic methods
that can optimise a wide range of different problems, without
requiring profound changes to the algorithm employed [44].

2.6.1. Operating Principles

Metaheuristics are techniques used in order to find solu-
tions to often very complex problems, for which standard
optimisation would be too costly (because a lot of computa-
tions, and therefore a lot of computation time to arrive at the
desired solution). Metaheuristics do not guarantee to find the
optimal solution to the problem, but allow us to find "a good
suffisante solution", which is supposed to approach an optimal
solution. The algorithm's approach can be based on a single
solution, or on a population of solutions. The first approach
can be illustrated by the local optimization algorithm. A so-
lution is randomly initialized. The algorithm then explores the
neighborhood of this solution by applying changes to the
current solution. The exploration of the space of solutions
then depends on the notion of neighbourhood, which must be
defined by the experimenter. The search for the solution con-
tinues until a solution meeting the experimenter's stopping
criterion is found, or a time or iteration limit is exceeded [45].

2.6.2. Genetic Algorithm

The genetic algorithm is the most commonly used popula-
tion-based metaheuristic algorithm because of its good results.
This algorithm is inspired by the process of natural selection
within a population. The algorithm is initialized with a popula-
tion of solutions, each solution being randomly generated as in
the previous case. The population evolves from generation to
generation: we select the best solutions in the population (se-
lection), recombine these solutions into others (cross-over),
before applying random mutations to this new population. This
results in a diverse population, making it possible to explore
certain characteristics that had not previously been apparent.
More solutions in the solution space are explored. The algo-
rithm stops when the population meets the stopping criterion
fixed by the experimenter, or after a certain number of genera-
tions. This method is used when the function to be maximised
has several optima: the population approach allows more than
one area of the solution space to be explored at a time. However,
this algorithm can take a long time to converge [45].

2.7. Genetic Algorithm for Optimising Building
Energy Management

Optimising the energy management of buildings is essen-
tial for improving energy efficiency and thermal comfort,
particularly in the context of developing countries such as
Benin. Genetic algorithms (GA), inspired by the principles of
natural selection, appear to be a powerful method for
achieving these objectives. By combining advanced optimi-
sation techniques with intelligent systems for predicting en-
ergy consumption, GA can make a significant contribution to
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sustainable energy management.

2.7.1. Principles of Genetic Algorithms

Genetic algorithms are optimisation methods that simulate
the process of natural selection. They work by generating a
population of potential solutions to a given problem, then
performing operations such as selection, crossover and muta-
tion to produce new generations of solutions. This approach
makes it possible to efficiently explore a vast space of solu-
tions and identify those that best meet the defined optimisa-
tion criteria, such as minimising energy costs or improving
thermal comfort. In the context of building energy optimisa-
tion, GA can be used to determine the optimal configuration
of HVAC (heating, ventilation and air conditioning) systems,
taking into account various parameters such as building
characteristics, climatic conditions and occupancy behaviour.
For example, Yan et al. describe an application of genetic
algorithms in the management of heating and air conditioning
in buildings, making it possible to reduce the energy con-
sumption of the cooling system by 7% [46].

2.7.2. Advantages of Integrating Genetic Algorithms
in Building Energy Management

There are several advantages to using genetic algorithms to
optimise energy management:

1. Flexibility and adaptability: GAs can adapt to different

types of problems and constraints, which makes them
particularly useful in the complex and variable context
of building energy management. They can integrate
various objectives, such as reducing costs, improving
thermal comfort and minimising greenhouse gas emis-
sions.
Efficient exploration: Thanks to their ability to explore a
wide range of possible solutions, GAs can identify in-
novative configurations that may not be obvious using
traditional optimisation methods. This is particularly
relevant in the context of sustainable development,
where it is crucial to evaluate different approaches to
minimising environmental impact.

Multi-objective optimisation: GAs can simultaneously

address several optimisation objectives, which is essen-

tial in the energy field where it is often necessary to
reconcile cost, comfort and sustainability. For example,

a GA can be used to optimise both energy consumption

and thermal comfort, taking into account the individual

preferences of occupants.

. On the other hand, not integrating genetic algorithms
into energy optimisation can lead to:

. High costs: Without an optimised approach, buildings can
consume more energy than necessary, leading to a sig-
nificant increase in operational costs. In the article by
Yang et al. [47], a genetic algorithm is coupled to a
building envelope simulation model. These simulations
were carried out in the case of a "green building" study.
The results show an economic gain of up to 47.1% com-

2.

3.

4
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pared with the original design proposed by the architect.

. Thermal discomfort: The absence of intelligent man-
agement can also lead to thermal discomfort for occu-
pants. Extreme fluctuations in temperature can affect the
well-being and productivity of users, underlining the
importance of precise regulation based on intelligent
forecasts.

. Negative environmental impact: Inefficient management
leads to an increase in greenhouse gas emissions, which
is detrimental to global efforts to combat climate change.
Optimisation via GA not only helps to reduce costs, it
also reduces the carbon footprint of buildings.

The integration of genetic algorithms into the optimisation of
energy management in buildings represents a significant op-
portunity to improve energy efficiency and thermal comfort.
With these types of algorithms, it is possible not only to reduce
energy costs but also to ensure a pleasant indoor environment
for occupants while minimising environmental impact.

3. Energy Efficiency and Intelligent
Prediction of Energy Consumption for
Thermal Comfort

Energy efficiency is defined as the optimal use of energy
resources to obtain a given service, thereby minimising en-
ergy losses. By integrating intelligent systems to predict en-
ergy consumption, buildings can not only reduce their carbon
footprint, but also improve thermal comfort for occupants. For
example, the European Union Commission's Stochastic
Model Predictive Control, Energy Efficient Building Control,
Smart Grid (SMPCBCSG) project shows that the use of pre-
dictive models can reduce energy consumption while main-
taining a pleasant indoor environment [48]. The application of
these methods also enables dynamic control of heating, ven-
tilation and air conditioning (HVAC) systems. This means
that systems can adapt in real time to external climatic con-
ditions and occupant behaviour, guaranteeing optimum
thermal comfort. Research by Hoyet et al. indicates that this
approach can reduce indoor temperature fluctuations, which is
crucial to the well-being of users [49].

Failure to apply these methods can have a significant im-
pact on thermal comfort and energy consumption. Buildings
that do not benefit from optimised energy management are
often subject to extreme temperature variations, which can
cause discomfort for occupants [50]. Energy inefficiency also
increases operating costs. Buildings that consume more en-
ergy than necessary not only increase electricity bills, but also
contribute to higher greenhouse gas emissions, which run
counter to global sustainability objectives and exacerbate the
problems associated with climate change.

It therefore seems imperative to adopt an integrated ap-
proach that combines energy efficiency and intelligent tech-
nologies. This includes the use of sensors to monitor indoor
and outdoor conditions in real time, as well as the application
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of machine learning algorithms to automatically adjust
building parameters according to the specific needs of occu-
pants.

Intelligent Prediction of Energy Consumption

Intelligent prediction of energy consumption relies on the
use of advanced algorithms, such as those based on machine
learning and artificial intelligence. These models exploit
historical consumption data, weather conditions, occupancy
behaviour and other contextual factors to anticipate future
energy needs. For example, systems such as en:predict use
self-learning algorithms to adjust heating, ventilation and air
conditioning (HVAC) systems in real time, significantly re-
ducing energy consumption. en:predict predictive control
builds on existing building management solutions and reduces
HVAC energy consumption by an average of more than 28%
using self - learning algorithms [51].

Thermal Comfort

Thermal comfort is defined as the state in which the oc-
cupants of a building feel comfortable in terms of temperature,
humidity and air circulation. It is influenced by a variety of
factors, including internal and external environmental condi-
tions, as well as the individual preferences of occupants. Ef-
fective management of thermal comfort requires a thorough
understanding of the specific needs of users, which can be
achieved through predictive models that incorporate data on
how occupants feel [49].

Synergy Between Prediction and Comfort

The relationship between intelligent prediction of energy
consumption and thermal comfort is essential for optimising
energy management in buildings. Integrating these two aspects
not only improves energy efficiency, but also ensures a com-
fortable indoor environment for occupants. This holistic ap-
proach is particularly relevant in the context of Benin, where
energy optimisation can have a significant impact on sustaina-
ble development and social well-being. Implementing intelli-
gent energy prediction systems not only reduces energy con-
sumption, but also improves thermal comfort. The dynamic
adjustment of HVAC systems based on consumption forecasts
can provide exactly the right amount of cooling at any given
time. This avoids unnecessary over-consumption while main-
taining an optimal indoor environment for occupants.

4. Adapting to the Energy Context in
Tropical Regions: The Case of Benin

Optimising energy management in Benin requires an
in-depth understanding of its energy context, which is char-
acterised by limited resources and a specific tropical climate.
This section examines Benin's specific framework for energy
consumption and production, drawing on local and compara-
tive studies from regions with similar climates. Finally, this
section justifies the choice of predictive algorithms adapted to
this context to improve the energy efficiency of buildings
while meeting thermal comfort requirements.
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4.1. Presentation of Benin

Benin is a country in West Africa, bordered to the west by
Togo, to the east by Nigeria and to the north by Burkina Faso and
Niger. Benin will have a population of 13.35 million in 2022,
with a fertility rate of 5.7 chi Idren per woman and a life expec-
tancy of 61.2 years [52]. According to the latest General Census
of Population and Housing (RGPH4), the country's population is
growing at an average rate of 3.25%. Women account for 51.2%

of the total population and contribute 59.7% to economic activity.

The female-to-male participation ratio is 0.88, reflecting the high
level of economic participation by women. Major economic and
structural reforms, supported by its partners, have enabled it to
maintain sustained growth over the last decade. The country
enjoys a stable democratic system [53].

4.2. Benin's Energy Situation

Benin's energy situation is characterised by an energy
balance in which biomass accounted for 58% of primary
energy in 2017, compared with 54.1% in 2016, followed by
43.1% in 2017 for hydrocarbon imports and 1.9% for elec-

2017

4646,32

2019

4626,79

M Biomass

M Petroleum products

tricity in 2017, compared with 2% in 2016 [54]. The low
penetration of electricity reflects the preponderance of fossil
fuels and traditional energy sources, namely wood energy
(78%), paraffin (20%) and gas (0.5%). Around 97% of rural
households use firewood for cooking. The unsustainable use
of biomass in Benin has contributed to a serious decline in
forest cover, the cause of global warming [55]. Electricity
consumption in Benin remains very low in the final energy
consumption, at around 2% of total energy consumption.
Nevertheless, per capita consumption has risen steadily over
the past twenty years, from 35 kWh/capita to more than 105
kWh/capita in 2013. It has tripled in two decades. Residential
consumption accounts for more than 50% of total electricity
consumption, reflecting the growing interest among house-
holds in having access to modern energy services. Benin relies
heavily on imports to meet its energy demand, particularly
electricity. Around 90% of the electricity consumed in the
country comes from outside the country, mainly from Nigeria
and Ghana, via regional interconnections [56]. This depend-
ence exposes the country to supply and price fluctuations, as
well as supply interruptions.

2018

2020

W Coal

W Natural gas M Electricity

Figure 1. Structure of primary energy supplies by form of energy in ktoe, from 2017 to 2020 [54].
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Benin has several crude oil reserves, which are officially di-
vided into 17 blocks. Seven blocks have already been awarded to
companies that are actively exploring existing resources. From
1982 to 1998, Benin operated a small offshore oil field. Cumu-
lative production was estimated at 22 million barrels of crude oil.
Potential reserves are estimated at over 5 billion barrels of crude
oil and over 91 billion m® of natural gas. As a result, several
multinational oil companies are studying local reserve sites and
their availability. The total primary energy supply in 2018 was
5,351 ktoe, of which 54% was biofuels and waste and 46% oil
[55]. In order to understand Benin's current energy situation, it is
essential to analyse the structure of the country's energy supply
and consumption. The following figures illustrate the main en-
ergy indicators, including the breakdown of primary energy

3664,01

M Biomass

M Petroleum products

sources, final consumption by type of energy, and consumption
by sector of activity. Figure 1 shows the breakdown of primary
energy sources in Benin, including fossil fuels, renewables and
imports. It highlights the country's relative dependence on certain
energy sources, highlighting the potential for optimising local
supply. The trends indicate a need for diversification to reduce
energy dependency.

The diagram below illustrates the different forms of energy
used by end consumers, including electricity, fuels and bio-
mass. It highlights the importance of biomass, which domi-
nates consumption, with implications for sustainability and
pollution. Trends over several years show a degree of stability
in the types of consumption, suggesting a low take-up of
modern renewable energies.

2018

M Coal M Electricity

Figure 2. Structure of final energy consumption by form of energy in ktoe, from 2017 to 2020 [54].

Figure 3 shows the breakdown of energy consumption by
sector (residential, industrial, transport, etc.), with the resi-
dential sector being particularly energy-intensive. This con-
sumption profile reveals the key sectors for energy optimisa-
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tion strategies, with significant potential in the residential and
transport sectors. The consistency in consumption by sector
highlights the need to improve energy efficiency, especially in
buildings.
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2019
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M Transportation

2018

3855,83

2020
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M Industry W Agriculture

Figure 3. Structure of final energy consumption by sector of activity in ktoe, from 2017 to 2020 [54].

4.3. Specific Studies in Benin and Regions with a
Similar Climate in the Energy Efficiency of
Buildings Sector

Benin's tropical climate, characterised by high tempera-
tures and variable humidity, has a major impact on the energy
consumption of buildings [57]. Energy efficiency in buildings
is therefore a key issue for sustainable development, particu-
larly in developing countries like Benin. In this context, en-
ergy management of buildings is becoming a priority, as it not
only helps to reduce operating costs, but also reduces the
carbon footprint and improves thermal comfort for occupants.
Benin, with its limited energy resources and rapidly growing
energy demand, faces significant challenges in this area.
Buildings, as major energy consumers, represent a key area
for energy optimisation.

Benin's energy efficiency objectives include the elimina-
tion of inefficient incandescent lamps, the reduction of
transmission and distribution losses in electricity networks,
and universal access to clean, affordable, efficient and sus-
tainable cooking for the entire population by 2030 [3]. Simi-
larly, integrating energy efficiency requirements into the
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building code in line with WAEMU requirements is a gov-
ernment priority.

Studies have been carried out on the energy efficiency of
buildings in Benin, with a particular focus on the building
envelope. Gratien Kiki has proposed techniques for improv-
ing the energy efficiency of public buildings in southern Be-
nin by using local bio-sourced materials [6]. To this end, he
measured the energy performance and hygrothermal condi-
tions of the Caisse Nationale de Securite Sociale (CNSS)
headquarters building using sensors and recorders that comply
with international standards, with local meteorological data
used for simulations. The results showed that walls made of
compressed earth blocks enriched with quackgrass straw
(BTC8_Bel-1) were more energy efficient, saving 1.74%
compared with hollow concrete walls. Dirk Rudy Nathaniels
also analysed the influence of envelope heat gain on hygro-
thermal comfort in tropical housing, using a case study from
Benin [58]. In this study, dynamic thermal simulations of
buildings, modelled with TRNSYS, were carried out to assess
the effect of thermal insulation of the envelope and roof on
hygrothermal comfort in a tropical climate. The results
showed that polystyrene insulation, with thicknesses ranging
from 3 to 15 cm, significantly reduced indoor temperatures by
up to 6<C and optimised air-conditioning demand. The inte-
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gration of controlled mechanical ventilation reduced indoor
humidity from 2.5% to 25.5%, improving overall comfort. In
addition, Hounkpatin Henri [59] determined the thermal
characteristics of a typha-amidon composite, a combination of
local materials designed to improve the thermal comfort of
buildings in tropical environments. To this end, insulating
panels based on typha domingensis and starch were manu-
factured and thermally characterised to improve the comfort
of buildings in tropical environments. The method employed
included fabrication, measurement of mass loss, and the use
of the regulated hot plane method to assess thermal conduc-
tivity and diffusivity. The results show that the samples, par-
ticularly those with 20% starch, have thermal conductivities
ranging from 0.094 W. m.K! to 0.5345 W. m™.K%, proving
their effectiveness as environmentally-friendly insulating
materials. These studies highlight the use of local and
bio-sourced materials in improving the energy efficiency of
buildings in Benin, emphasising their low environmental
impact and thermal efficiency. On the other hand, the study on
polystyrene, although effective in reducing indoor tempera-
tures, uses a synthetic material. BTC8_Bel-1 offers a modest
improvement in energy efficiency, while typha starch has
thermal conductivity values comparable to those of traditional
insulation materials, making it a sustainable and environ-
mentally-friendly solution. All these studies have focused on
the passive energy efficiency of buildings. However, few
studies have looked at improving the energy efficiency of
buildings in Benin using artificial intelligence technologies.
Romain Akpahou's study deals with forecasting future energy
demand in the Republic of Benin using the low-emissions
analysis platform [60], but without specifying the building
sector or using intelligent prediction and artificial intelligence
techniques for forecasting. Indeed, research shows that the
energy efficiency of buildings can be improved through in-
novative approaches such as predictive modelling and the use
of artificial intelligence techniques. However, there is a lack
of models adapted to Benin's local specificities, which take
into account the environmental, socio-economic and techno-
logical factors unique to this region. However, research in
regions with similar climates, such as Nigeria and Ghana,
shows that predictive models can be adapted to local condi-
tions [61]. Challenges include the collection of accurate data
and the variability of climatic conditions. To this end, it is
imperative to develop predictive models that respond to local
challenges while using modern approaches. This research into
the prediction of energy consumption in buildings in West
Africa shows that adapting predictive models to local condi-
tions is not only possible, but necessary for increased effi-
ciency. However, predictive models cannot be applied uni-
formly from one region to another, but must be adjusted to
reflect specific local conditions, in order to obtain relevant
and effective results. Thus, the development of an artificial
intelligence (Al)-based predictive model for energy con-
sumption in Benin needs to take into account local specifici-
ties, including consumption behaviour, energy infrastructure
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and government policies. The integration of Al in this field
can optimise energy management and improve the efficiency
of energy systems. Machine learning algorithms can analyse
historical energy consumption data to identify trends and
predict future demand, which is essential in a country like
Benin, where electricity supply is often discontinuous [62].

Benin's National Strategy for Artificial Intelligence and
Megadata (SNIAM), adopted in 2023, highlights the im-
portance of Al in transforming strategic sectors, including
energy, by integrating technological solutions tailored to the
country's needs [63]. Similarly, the use of hybrid models
combining traditional methods and Al techniques can im-
prove the accuracy of energy consumption forecasts, taking
into account seasonal variations and unforeseen events.

To succeed in this adaptation, it is vital to involve local
stakeholders, including governments, businesses and con-
sumers, to ensure that the models developed meet the specific
needs of the Beninese context. This will encourage wider
adoption of Al technologies and contribute to more sustaina-
ble and efficient energy management in the country.

4.4. Relevance of the Algorithms to Be Used in
My Study

Developing a predictive model based on artificial intelli-
gence to optimise the energy management of buildings in
Benin involves choosing algorithms that are both efficient and
adapted to local constraints. Given the possible limitations in
terms of computing resources and data availability, we have
identified three that might be suitable for our study: random
forests, artificial neural networks and multiple linear regres-
sion. However, random forests appear to be better suited to the
Benin context. This learning algorithm is particularly suited to
environments where data may be noisy or incomplete, which
is often the case in developing countries [31]. In addition,
random forests are capable of handling datasets with many
characteristics without requiring computational resources as
high as those required for deep neural networks. However,
although powerful, they can become complex to interpret,
requiring a certain amount of technical expertise to optimise
the hyperparameters and interpret the results. Artificial neural
networks (ANNSs), which belong to the family of deep learn-
ing models, offer a high capacity for modelling complex
relationships in data. They are capable of processing large
guantities of data and discovering subtle patterns [30].
However, their implementation requires significant computa-
tional resources and advanced technical expertise, which can
be a challenge in a resource-constrained environment. In
addition, ANNSs often require substantial amounts of data to
work optimally, which may not always be available. Multiple
linear regression is the simplest of the three algorithms and is
often used for tasks where the relationship between variables
is assumed to be linear [64]. It is easy to implement and in-
terpret, which can be an advantage in a context where human
and technical resources may be limited. However, its main
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limitation lies in its ability to capture only linear relationships,
which may not be sufficient to model complex interactions in
building energy data. Thus, random forests seem to be the best
choice for the Benin context because of their robustness and
ability to handle imperfect data, while requiring moderate
computational resources. Artificial neural networks could also
be considered for tasks requiring more complex modelling,
but their resource and expertise requirements could limit their
use. Multiple linear regression, although simple, could be
used for preliminary analyses or in contexts where the rela-
tionship between variables is sufficiently linear.

5. Methodology

The methodology adopted in this study aims to structure a
rigorous approach to optimising the energy management of
buildings in Benin, taking into account local specificities.
This section first presents the stages of the literature review,
which enable us to situate the scientific advances in the field
of energy prediction and thermal comfort. It then details the
methodological processes used to develop the predictive
model, highlighting the adaptations and specific features
required to meet the energy challenges specific to the Beni-
nese context.

5.1. Methodology for the Literature Review

The research methodology for the literature review con-

sisted of five main stages:

1. Keyword search: A systematic search was conducted to
identify relevant research articles and abstracts on
building energy use, using Google Scholar as the pri-
mary tool. Keywords used included: building energy
estimation, building energy prediction, building energy
prediction models, and building energy modelling.
Google Scholar was chosen because of its ability to
classify publications according to various criteria, such
as the number of citations, authors and publishers.

. Selection of retrieved articles: The articles retrieved
were subjected to a relevance assessment based on two
main criteria: (1) the approach adopted must be based on
empirical data, and (2) the objective of the study must be
the prediction of building energy consumption.

. Identification and selection of additional articles: To
enrich the selection, articles citing or cited by those that
had met the initial selection criteria were identified as
additional candidates. These articles were also evaluated
according to the same relevance criteria.

. Review of all relevant articles: All the relevant articles
identified in the previous steps were analysed in depth to
define their prediction objective, the scope of this pre-
diction, the characteristics of the data used, the data
pre-processing methods, the machine learning algo-
rithms used, and their performance.

. Analysis of the results of the review to identify gaps and
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future directions: Finally, an analysis of the results of the
review was carried out to identify existing gaps in da-
ta-based building energy consumption research, while
also highlighting possible future directions for research
in this area.

5.2. Methodology for Developing the Model

As part of the work on optimising the energy management
of buildings in Benin, it is essential to develop a robust pre-
dictive model that incorporates relevant data for in-depth
analysis. This section presents the methodology we plan to
adopt for the development of the predictive model.

1. Data collection:

Data collection is an essential step in the development of
the predictive model. Although this phase has not yet been
initiated, the planned strategy involves collecting data on
building energy consumption, building characteristics, and
environmental and socio-economic factors specific to Benin,
as shown in Table 2. Data could come from sources such as
local authorities, existing case studies, and field surveys. In
order to ensure that the model is both accurate and relevant, it
is essential to design a rigorous data collection strategy, taking
into account local particularities and adopting a well-defined
methodological approach.

At the outset, a clear definition of the objectives of the data
collection is a decisive step. The main objective is to identify
the key variables that influence the energy consumption of
buildings in Benin, such as climatic conditions, building
characteristics and energy consumption habits. To this end,
specific data requirements, such as historical climate infor-
mation, types of building materials used, and cooling systems
employed in local buildings will be determined. This step
establishes a solid foundation for the rest of the data collection
process [65]. Next, we will identify appropriate data sources,
combining primary and secondary data. On the one hand,
primary data can be collected directly in the field by means of
surveys, sensors and observations. On the other hand, sec-
ondary data from existing databases, such as those of mete-
orological agencies or national statistics, will also be ex-
ploited [66]. Collaboration with local institutions, such as
universities or businesses, will also provide access to precise
data specific to the Benin context [67]. The design and im-
plementation of structured surveys will then supplement the
data sources. Questionnaires and interviews will be designed
to gather detailed information on energy practices and build-
ing characteristics. Similarly, where possible, the use or in-
stallation of local weather stations will make it possible to
collect climatic data, such as temperature, humidity and
sunshine, which are essential for understanding the impact of
climatic variations on energy consumption [68].

2. Standardisation and normalisation of input data:

Standardisation of input data is a major challenge for the
large-scale deployment of artificial intelligence models ap-
plied to building energy management, particularly in tropical
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regions. The key variables to be considered include ambient
temperature, relative humidity, occupancy rate, hourly/daily

energy consumption and outdoor climatic parameters.

Table 2. Different variables influencing energy consumption.
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The use of recognised protocols and standards, such as
IPMVP (International Performance Measurement and Veri-
fication Protocol) and ASHRAE Guideline 14, ensures the
quality, consistency and comparability of the data collected,
whether in terms of temperature, humidity, occupancy rate or
electricity consumption [69].

In addition, European standard EN 15232 encourages the
adoption of building automation and technical management
systems capable of generating structured, interoperable data.
The integration of open formats, such as BACnet or BIM,
facilitates the collection, sharing and analysis of data, while
promoting the reproducibility of predictive models [70]. Re-
cent work recommends the use of harmonised data formats,
based on protocols such as BACnet, KNX or Modbus, which
facilitate the interoperability of systems [19]. For example,
the ISO/IEC 14543 standard is used to define interoperability
requirements for intelligent home automation systems. With
regard to the format of climatic data, ASHRAE 55 and ISO
7730 define acceptable thresholds for thermal comfort. These
standards can be used as a basis for formatting climate varia-
bles such as temperature in<C with decimal precision, hu-
midity in%RH and occupancy data in hourly binary form (0 =
unoccupied, 1 = occupied) [22]. In tropical regions such as
Benin, these standards need to be adapted. Haniyeh et al. [21]
suggest contextualising thermal comfort thresholds with in-
dicators such as cooling degree days (CDD) and calibrating
sensors for the 25 -35<C temperature range. This local adap-
tation work is essential if predictive models are to be effective
and reliable.

3. Data pre-processing:

Data pre-processing is essential to any data-driven ap-
proach, as incorrect or inconsistent data can lead to errors in
the analysis. Data pre-processing can include data cleaning,
data integration, data transformation and/or data reduction.
Data cleansing is the process of detecting and correcting
(supplementing, modifying, replacing and/or deleting) in-
complete, incorrect, inaccurate, irrelevant and/or noisy parts
of the data [71]. The aim of this process is to transform raw
data, which is often heterogeneous and imperfect, into a co-
herent and usable whole that will ensure the accuracy and
reliability of energy predictions. At this stage, it is essential to

Building Features

Energy Manage-

Use of the Building ment System

Types of Hours of Devic- Cool- Automated
Insula- . Occupa- .
tion Win- tion Opera- es ing Manage-
dows tion Used System ment
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ensure that formats are uniform, in particular by harmonising
units of measurement and data structures, in order to prevent
any future inconsistencies. Subsequently, a thorough cleaning
of the data will be necessary to eliminate any anomalies likely
to alter the quality of the predictive model. This involves
identifying and dealing with missing values, which can be
filled using appropriate methods such as mean, median or
interpolation imputation, depending on the context and nature
of the data concerned. In addition, the detection and correc-
tion of outliers is essential to prevent erroneous or extreme
data from disproportionately influencing the results. This
cleaning process must also ensure the consistency and relia-
bility of the data by correcting data entry errors and checking
the conformity of the information collected.

Next, it will be important to undertake an appropriate
transformation of the data to adapt it to the specific require-
ments of the modelling techniques envisaged. Data normali-
sation and standardisation will, for example, enable initially
disparate variables to be put on the same scale, making it
easier to compare them and integrate them into the model.
Similarly, the encoding of categorical variables is essential for
converting qualitative information, such as types of cooling
systems or building materials, into numerical formats that can
be used by machine learning algorithms. It may also be ap-
propriate to create new derived variables, which combine or
synthesise existing information in order to capture complex
relationships and improve the predictive capability of the
model.

4. Data processing:

Data processing is essential to any data-driven approach, as
incorrect or inconsistent data can lead to errors in analysis.
Data processing can include data cleaning, data integration,
data transformation and/or data reduction. Data cleansing is
the process of detecting and correcting (supplementing,
modifying, replacing and/or deleting) incomplete, incorrect,
inaccurate, irrelevant and/or noisy parts of the data [71]. The
aim of this process is to transform raw data, which is often
heterogeneous and imperfect, into a coherent and usable
whole that will ensure the accuracy and reliability of energy
predictions. At this stage, it is essential to ensure that formats
are uniform, in particular by harmonising units of measure-
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ment and data structures, in order to prevent any future in-
consistencies. Subsequently, a thorough cleaning of the data
will be necessary to eliminate any anomalies likely to alter the
quality of the predictive model. This involves identifying and
dealing with missing values, which can be filled using ap-
propriate methods such as mean, median or interpolation
imputation, depending on the context and nature of the data
concerned. In addition, the detection and correction of outliers
is essential to prevent erroneous or extreme data from dis-
proportionately influencing the results. This cleaning process
must also ensure the consistency and reliability of the data by
correcting data entry errors and checking the conformity of
the information collected. Next, it will be important to un-
dertake an appropriate transformation of the data to adapt it to
the specific requirements of the modelling techniques envis-
aged. Data normalisation and standardisation will, for exam-
ple, enable initially disparate variables to be put on the same
scale, making it easier to compare them and integrate them
into the model. Similarly, the encoding of categorical varia-
bles is essential for converting qualitative information, such
as types of cooling systems or building materials, into nu-
merical formats that can be used by machine learning algo-
rithms. It may also be appropriate to create new derived var-
iables, which combine or synthesise existing information in
order to capture complex relationships and improve the pre-
dictive capability of the model.

5. Selecting features:

From the pre-processed data, features relevant to the energy
optimisation problem will be selected. This will help to sim-
plify the model and reduce computational complexity. This
will take into account the selection of features such as outdoor
temperature, occupancy levels and HVAC system parameters
as predictors of energy consumption in buildings.

6. Model development:

At this stage, a machine learning model is chosen based on
the nature of the data and the problem. This model will learn
from the data to predict energy consumption and identify
areas for optimisation. For example, the choice of a linear
regression model to predict energy consumption as a function
of selected characteristics.

7. Algorithm selection:

For a chosen model, specific algorithms are used to train
the model. The algorithm determines how the model learns
from the data. Choosing a stochastic gradient descent algo-
rithm for the linear regression model will allow its parameters
to be optimised during training.

8. Model training:

The selected algorithm is used to train the chosen model
using the collected data. The model learns patterns and rela-
tionships from the training data. The prepared data will be fed
to the linear regression model with the stochastic gradient
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descent algorithm, allowing the model to learn the relation-
ship between characteristics and energy consumption.

9. Assessment:

After training, the model needs to be evaluated to assess its
performance. This involves using a separate dataset (test
dataset) to see how well the model predicts energy consump-
tion. For example, this will involve evaluating the trained
model using a new set of data and calculating the mean square
error to understand how well the model predicts energy con-
sumption.

10. Calculating performance metrics:

Based on the evaluation, performance metrics will be cal-
culated to quantify the accuracy of the model and its ability to
predict energy consumption. Metrics such as root mean
square error (RMSE), mean absolute error (MAE) and coef-
ficient of determination (R?) will be calculated.

11.Model setting:

The model parameters will be adjusted and fine-tuned ac-
cording to the results of the evaluation. The aim of this pro-
cess is to improve the model's performance and ensure that it
achieves the desired levels of accuracy.

12.Deployment:

Once the model has been sufficiently trained and evaluated,
it will be deployed in the building management system. This
will enable the model to start making predictions and opti-
mising energy consumption in real time.

By integrating the trained model into the building's HVAC
system, temperature parameters can be automatically adjusted
in line with the model's predictions.

13. Integration with the building management system:

This is the process of connecting the developed model to
the existing building management system. Integration ensures
seamless communication and data exchange between the
model and the building control systems. Connecting the
trained model to the central building control system will fa-
cilitate data exchange and the automatic adjustment of energy
consumption based on the model's predictions.

14.Monitoring and optimisation:

After deployment, the model's performance will be con-
tinuously monitored and adjustments made based on real-
time data and feedback. This will ensure that the model is
effective in optimising energy consumption over time.

15.Feedback loop:

The final step is to integrate feedback into the process. This
feedback can come from real-time energy consumption data,
user experience or expert analysis. Feedback is used to further
refine the model and improve its optimisation capabilities.
The whole process is iterative, enabling continuous learning
and improvement. As new data becomes available and feed-
back is received, the model can be retrained and redeployed to
ensure that energy consumption in buildings is optimised.
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Figure 4. Predictive model development process.

5.3. Developing the Model in the Benin Context

To develop a predictive model based on artificial intelli-
gence for optimising building energy management in a con-
text like Benin's, it is essential to take account of local envi-
ronmental, socio-economic and technological specificities.
This customisation ensures that the model is not only relevant
but also effective in meeting the unique needs of the Beninese
context. To develop a predictive model for building energy
management in Benin that is both effective and adapted to
local specificities, it is useful to adopt an approach that inte-
grates several contextual dimensions [72]. This approach
makes it possible to respond to the particularities of Benin's
climate, infrastructure and energy consumption habits, while
at the same time innovating technologically and methodo-
logically. The first step in making this model unique is to
integrate specific local data. This involves contextualising the
data used by taking into account local climatic conditions,
such as high temperatures and relative humidity, which are
characteristic of Benin's tropical climate. In addition, it is
essential to consider local energy consumption patterns and
building characteristics, including construction materials,
ventilation systems, and cooling methods generally used. The
integration of seasonal factors, such as periods of high heat or
peaks in energy consumption during the dry season, is also
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essential to refine the accuracy of the energy predictions of the
model [73]. Secondly, adaptation to the tropical climate is an
important dimension of the model. By taking account of cli-
matic specificities, it is possible to develop predictive models
capable of accurately reflecting the effects of high humidity
and temperatures on the energy consumption of buildings. In
addition, energy efficiency can be maximised by optimising
cooling systems, both passive and active, to suit local climatic
conditions. This can include the use of natural cooling sys-
tems, such as cross ventilation, or the adaptation of air con-
ditioning systems to minimise energy consumption while
maintaining adequate thermal comfort.

Taking into account the local energy infrastructure is an-
other essential component in adapting the model to the Be-
ninese context. It is important to assess the existing energy
infrastructure, such as the availability and reliability of elec-
tricity, accessible renewable energy sources such as solar
power, and the challenges posed by frequent power cuts.

The integration of local technologies, such as solar panels
adapted to the specific features of Beninese buildings, can
also contribute to the resilience and efficiency of the model
[74].

Another decisive aspect is the inclusion of local energy
consumption behaviour. It is necessary to analyse usage pat-
terns for electrical equipment, as well as local energy-saving
practices, to ensure that the model accurately reflects actual
user behaviour. The creation of awareness and training mod-
ules adapted to local habits can also help to improve energy
efficiency by informing users about best practice in terms of
energy consumption. Similarly, to ensure the relevance and
acceptability of the model, it is essential to encourage col-
laboration with local players. This includes creating partner-
ships with local institutions, universities and businesses in
order to collect accurate data and better understand Benin's
specific energy needs. By involving local communities in the
development of the model in this way, it is possible to ensure
that the proposed solutions are not only adapted to local real-
ities, but also supported by the end users.

Technological and methodological innovation also plays a
key role in distinguishing this predictive model. The use of
advanced machine learning methods, combined with data
processing techniques specific to the Benin context, can im-
prove the accuracy of energy predictions. In addition, the
development of tools for visualising the model's data and
results will enable local decision-makers and building man-
agers to better understand and use energy predictions to op-
timise energy management.

5.4. Integration of Al Systems in Energy
Infrastructures in Benin

Integrating artificial intelligence systems into existing en-
ergy infrastructures, such as HVAC and lighting systems, is a
major challenge in the African context. Benin, like many
developing countries, has infrastructures that are often obso-


http://www.sciencepg.com/journal/sjee

Science Journal of Energy Engineering

http://www.sciencepg.com/journal/sjee

lete or poorly digitised, limiting interoperability with recent
intelligent tools. However, a number of recent studies show
that progressive integration strategies can be implemented.
Adewale et al. [75] propose a layered architecture in which
connected sensors (smart meters, thermal probes) are added to
existing HVAC systems, without having to replace them. This
approach is reinforced by the work of Oronti [76], who rec-
ommends modular upgrading using low-cost microcontrollers
(e.g. ESP32, Raspberry Pi) compatible with local APls. With
regard to the technological constraints specific to Benin, it is
essential to prioritise hybrid systems capable of operating
with or without an Internet connection, exploiting edge
computing for local data processing [77]. This type of ap-
proach is economically more viable and technically more
realistic in environments with intermittent connectivity.

Lighting systems can also be automated using intelligent
modules that can be integrated into existing systems. These
devices, which are often compatible with open standards such
as ZigBee or Z-Wave, enable intelligent control of lighting
according to occupancy and natural light. Successful imple-
mentation of these systems requires contextual adaptation: the
correct sizing of components, raising awareness among local
technicians and training in the use of simple supervision in-
terfaces have all been identified as key factors. Similarly, the
adoption of open platforms such as OpenEMS or Home As-
sistant means that Al interfaces can be customised for build-
ings not initially equipped with technical management sys-
tems. These platforms can act as a technological bridge be-
tween traditional energy infrastructures and advanced pre-
diction systems. Ultimately, the integration strategy must
combine accessible technologies, local training and software
interoperability if Al is to become a lever for energy perfor-
mance in Beninese buildings.

5.5. Examples of Low-cost Al Deployment in
Regions Similar to Benin (Sub-Saharan
Africa, South Asia, Latin America)

The argument that integrating artificial intelligence systems
into buildings is costly can be put into perspective in the light
of recent projects deployed in countries with similar economic
and technological conditions to Benin. In Kenya, for example,
the Smart Energy Solutions for Africa (SESA) project has
demonstrated the feasibility of installing 10T sensors con-
nected to Arduino microcontrollers in rural schools to control
natural ventilation and LED lighting according to occupancy
and ambient temperature, reducing energy consumption by up
to 30%. In India, technical universities have implemented
simple neural networks embedded on Raspberry Pi for less
than $50 to predict the air-conditioning load in school build-
ings, with an average error rate of less than 10% [78]. These
architectures take advantage of open source libraries such as
TensorFlow Lite, enabling algorithms to be run locally
without the need for a central server. Similarly, in Nigeria,
Muraina et al. [79] have deployed an intelligent solar mi-
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crogrid control system coupled with a predictive Al system,
based on low-cost microcontrollers, to improve rural electri-
fication. Another study conducted in Ghana by Am-
pomah-Asiedu & Buntugu [80] demonstrated that the use of
10T systems embedding Raspberry Pi, ZigBee modules and
simple user interfaces enabled real-time energy management
in university buildings with a limited budget. These examples
show that with lightweight platforms and accessible sensors,
Al solutions can be adapted to local constraints while deliv-
ering real energy savings.

The success of these projects is based on three key factors:
the simplicity of the algorithms (favouring Random Forest or
Linear Regression type architectures), the use of affordable
open source hardware, and the direct involvement of local
institutions in data collection and processing. Benin could
draw on these experiences to test pilot solutions in public
buildings such as schools, hospitals and town halls, before
rolling them out on a larger scale.

5.6. Recommendations to Overcome the Lack of
Energy Data

Developing countries such as Benin face serious limitations
in the availability and quality of energy data, making it dif-
ficult to implement effective Al systems for energy man-
agement in buildings. There are several ways of overcoming
these obstacles.

On the one hand, the use of intelligent 10T sensors makes it
possible to automatically collect detailed and continuous data
on energy consumption, avoiding the shortcomings of manual
readings [81]. On the other hand, strategic partnerships with
local utilities and institutions are essential. Safari et al. [82]
recommend integrating distribution network data into open
databases to enrich predictive models. This requires a
well-defined collaborative framework with governments and
decision-makers. In addition, the effective training of Al
models depends on the availability of large, varied and rep-
resentative datasets. The biases induced by partial datasets are
frequently reported in the literature, making it imperative to
collect exhaustive and standardised data, facilitated by
emerging technologies such as 5G and edge computing [83].
Finally, the democratisation of data via collaborative plat-
forms, supported by co-constructed research projects, could
pave the way for more efficient energy management, adapted
to the African socio-technical context [84].

5.7. Evaluation of Model Performance

To evaluate the performance of the predictive building en-
ergy management model in Benin, several metrics will be
used to quantify the accuracy of predictions and the overall
quality of the model. The main evaluation metrics envisaged
include the root mean square error (RMSE), the mean abso-
lute error (MAE), and the coefficient of determination (R?). In
parallel, cross-validation will be implemented to ensure the
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robustness and generalisability of the model.

1. Mean Square Error (RMSE)

Root Mean Square Error (RMSE) is one of the most
commonly used metrics for evaluating regression models. It
measures the square root of the mean square error, where an
error is defined as the difference between the value predicted
by the model and the actual value observed. The RMSE is
particularly sensitive to large errors, making it a valuable
metric for identifying models that occasionally produce pre-
dictions that are very far from the true values. The lower the
RMSE, the more accurate the model.

RMSE = J%Z?ﬂ(yi - 92 @

Where y;is the actual value, y; is the predicted value,
and nis the number of predictions [85].

2. Mean Absolute Error (MAE)

The mean absolute error (MAE, Mean Absolute Error)
measures the average of the absolute deviations between
predicted and actual values. Unlike RMSE, MAE is not as
sensitive to large errors, which can make it more representa-
tive of the overall accuracy of the model. MAE is also easy
to interpret, since it directly corresponds to the average error
in units of the observed data. [85].

MAE = % i=alyi = 9l (2

A lower MAE indicates a more accurate model.

3. Correlation coefficient (R?)

Correlation coefficient (R?) is a statistical measure that in-
dicates the proportion of the variance in the observed data
that is explained by the model. It is a measure of the good-
ness of fit of the model. An R? of 1 indicates that the model
perfectly explains the variance in the data, while an R? of 0
means that the model explains none of the observed variance.
In practice, an R? close to 1 is desirable because it indicates
that the model captures the trends in the data well. [85].

S i-9)?

2
k=1 T i-9)?

®3)

Or yis the average of the actual values.

4. Cross Validation

K-fold cross -validation is an effective method to assess
model performance while minimizing the risk of overfitting.
It consists of dividing the dataset into k equal subsets, called
"folds". The model is then trained k times, each iteration on
k-1 folds, and tested on the remaining fold. This process is
repeated until each fold has been used as a test set. The per-
formance obtained at each step is then averaged, providing
an overall estimate of the model's performance [86]. For
example, with 5-fold cross-validation, the data would be
divided into 5 groups. The model would then be trained 5
times, each time using 4 of the groups for training and testing
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on the remaining group. This technique allows for better
generalization of the results, because all data are used for
both training and testing. The results of the different metrics
(RMSE, MAE, R?) will then be compared to evaluate the
performance of the model. An ideal model would have a low
RMSE and MAE, indicating minimal prediction errors, and
an R? close to 1, suggesting a good ability of the model to
explain the variance of the data.

6. Discussion

6.1. Energy Efficiency in Buildings: Traditional
Approaches Vs Artificial Intelligence
Approaches

Energy efficiency in buildings in tropical regions can be
approached through two distinct paradigms: that without
artificial intelligence, based on traditional methods that have
proved their relevance in certain local contexts, and that in-
corporating Al, offering a more dynamic and adaptable solu-
tion to contemporary challenges.

6.1.1. Traditional Approaches

Traditional approaches to energy efficiency focus mainly
on passive and active strategies. Passive strategies include
bioclimatic architecture, which uses design techniques to
minimise energy needs, such as the orientation of buildings,
the use of materials with high thermal inertia and the plant-
ing of vegetation around buildings [87]. By way of illustra-
tion, traditional African buildings, adapted to local climates,
often use materials such as earth and straw to improve ther-
mal comfort without using specific mechanical systems. Ac-
tive strategies include the integration of energy management
systems based on conventional technologies, such as HVAC
systems, but without advanced optimisation. These systems
can be efficient, but their performance depends largely on the
initial design and user behaviour. In South Africa, for exam-
ple, despite established energy efficiency standards, applica-
tion remains limited due to a lack of financial incentives and
insufficient awareness. These approaches, adapted to local
contexts, do not require advanced technologies and are not
very expensive to implement. However, the effectiveness of
traditional approaches remains limited due to static optimisa-
tion and is dependent on user behaviour, which can be varia-
ble.

6.1.2. Energy Efficiency with Artificial Intelligence

The integration of artificial intelligence into building en-
ergy management represents a significant step forward.
Al-based systems can analyse data on energy consumption,
weather conditions and occupancy behaviour in real time to
dynamically optimise the operation of HVAC systems [88].
For example, predictive algorithms can automatically adjust
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heating or cooling based on weather forecasts and occupancy
patterns. So, by incorporating data on usage patterns and
climatic conditions, these models can help to maintain opti-
mum comfort levels in buildings, while minimising energy
wastage and helping to reduce the carbon footprint of build-
ings.

However, as Table 3 shows, although Building Energy Ef-
ficiency with Artificial Intelligence can offer considerable
benefits, it also faces several challenges that need to be
overcome to ensure its effectiveness and long- term adoption.
One of the main challenges is the availability and quality of
the local data needed to train the model. In many developing
countries, including Benin, detailed energy data, such as
building-by-building energy consumption records or detailed
building characteristics, may be scarce or incomplete. In
addition, available data may suffer from quality problems,
such as measurement errors, gaps, or inconsistent formats,
making it difficult to incorporate into the model. The lack of
reliable historical data on energy consumption is a major
limitation that could affect the accuracy of predictions. Sim-
ilarly, the initial investment to implement energy manage-
ment systems based on predictive models can be high, which
may deter some investors or building managers. Furthermore,

buildings in developing countries vary greatly in terms of
size, use, construction materials and energy equipment. This
heterogeneity could make it difficult to create a generalisable
model that can be applied to different types of building
without loss of precision. A model that works well for mod-
ern residential buildings may not perform as well for older or
commercial buildings. This diversity requires fine segmenta-
tion of the data and may require the creation of specific
sub-models, increasing the complexity of the project.

However, despite these challenges, the development of a
predictive model for energy management in tropical coun-
tries such as Benin remains a promising undertaking. Recog-
nition of the anticipated limitations at the outset of the pro-
ject will enable the design of appropriate mitigation strate-
gies, such as improving data collection, adapting models to
local contexts, and working with local partners to build tech-
nical capacity and ensure successful adoption of the model.
Although the initial costs may be higher with Al, the
long-term benefits in terms of reduced energy consumption
and improved thermal comfort more than justify the invest-
ment. As the African continent develops, it is essential to
explore these advanced technologies to meet growing energy
needs while ensuring sustainable development.

Table 3. Comparison of energy efficiency of buildings with and without Al.

Criteria

Initial cost Generally lower

Energy efficiency Limited by static design

Thermal Comfort Dependent on user behavior

Adaptability Low

Technological dependence Low

6.1.3. Comparison of Predictive Models in Different
Climatic Contexts

The robustness of an energy prediction model depends in
part on its ability to adapt to a variety of climatic conditions.
Numerous studies have shown that the effectiveness of arti-
ficial intelligence models, particularly those applied to
building energy management, is strongly influenced by the
climate in which they are deployed. For example, Yu et al.
[89] have shown that HVAC control strategies based on re-
inforcement learning (RL) perform significantly better in
cities with hot climates, where demand for air conditioning is
dominant, than in temperate environments. This contextual
variability highlights the importance of calibrating models
according to regional climate profiles to avoid generalisation
errors. In addition, the study by Shi et al. [90], proposes a
data-based predictive control model (Disturbance-Adaptive

Traditional approach to Energy Efficiency of Buildings
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Energy Efficiency of Buildings with Al

Often superior

Dynamic optimization

Improved with automatic regulation
High

High

DPC) tested both in simulation and in a real environment,
showing a reduction in discomfort of more than 70% in a
variety of climates. These approaches may inspire a method-
ological adaptation to Benin, by emphasising the need to
include local climatic parameters (humidity, latent loads,
radiation) in the learning models. Safari et al. [82] proposed
a classification of Al models according to climatic zones
(cold, temperate and tropical zones) and types of target sys-
tems (HVAC, lighting, passive buildings). Their summary
places our approach in the category of semi- explicable su-
pervised models optimised for tropical regions such as Benin.
Other work such as that by Mehraban et al. [91] compared
the performance of recurrent neural networks (RNN) and
autoregressive regression (ARIMA) models in warm cli-
mates (Riyadh and Dubai). These results show that predic-
tive efficiency is highly dependent on the granularity of the
climate data and its pre-processing - which our model also
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takes into account. These contributions confirm that the pro-
posed model, if deployed with appropriate contextual cali-
bration (local data, climatic conditions, energy intermittency),
is perfectly consistent with the best available models. This
comparative positioning is essential to justify the choice of
variables and architectures used in tropical environments
such as Benin.

6.2. Potential Implications of the Model

By developing a predictive model for building energy
management in Benin, the expected results will focus on
improving the accuracy of energy consumption forecasts,
optimising energy management strategies and reducing oper-
ational costs. These results are based on the model's ability to
effectively integrate local specificities, such as the tropical
climate, energy infrastructures and consumption behaviour.
The potential implications of this model are vast, affecting
the country's economic, environmental and social spheres.

1. Accuracy of Energy Consumption Forecasts

One of the main expected results is to improve the accu-
racy of building energy consumption forecasts. By using
advanced algorithms such as random forests, artificial neural
networks and linear regression, the model could significantly
reduce the gap between predicted and actual energy con-
sumption. Models based on random forests have shown great
robustness in contexts where the data is heterogeneous,
which is often the case in diverse urban environments such
as those in Benin [92]. In addition, artificial neural networks,
because of their ability to capture complex non-linearities,
should also contribute to better predictive performance in
scenarios where interactions between variables are difficult
to model linearly.

2. Optimising Energy Management Strategies

The model should enable greater optimisation of energy
management strategies, in particular by identifying periods
of high consumption and potential inefficiencies in building
energy systems. For example, the results of the model could
indicate that the use of cooling systems during peak heating
hours requires adjustments to avoid peaks in energy con-
sumption. Luis Juanico's study on energy optimisation in
buildings shows that predictive models can reduce energy
consumption by up to 20% by improving the management of
heating, ventilation and air conditioning (HVAC) systems
[93]. These savings are particularly relevant in the context of
Benin, where energy resources are limited and energy effi-
ciency is crucial to sustainable development.

3. Reducing operating costs

The use of a well-calibrated predictive model could also
lead to a significant reduction in operational costs for build-
ing owners and facility managers. By anticipating energy
needs, it becomes possible to better plan energy purchases
and reduce the additional costs associated with peak energy
purchases or system inefficiencies. According to the work of
Granderson et al, the application of predictive models for
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energy management has led to substantial financial savings
in various sectors by optimising load management and re-
ducing peak demand [94]. In a country like Benin, where
energy costs can represent a significant proportion of oper-
ating expenses, these savings are particularly advantageous.

4. Environmental and social implications

The environmental implications of the model are also sig-
nificant. By improving the energy efficiency of buildings, the
model would help to reduce greenhouse gas (GHG) emis-
sions associated with energy production, especially if the
energy comes from fossil sources. A study conducted in
2019 by the IEA highlights that energy efficiency in the
building sector is a key lever for achieving global climate
objectives [95]. In addition, raising occupants' awareness of
the importance of energy efficiency, coupled with the use of
technological tools, could encourage changes in energy con-
sumption behaviour, which would have a positive long-term
impact on the sustainability of local communities.

7. Conclusion and Recommendations

Optimising the energy management of buildings in tropi-
cal regions is a strategic issue, given the growing challenges
of energy demand, environmental sustainability and improv-
ing people’s living conditions. The development of a predic-
tive model based on artificial intelligence represents an in-
novative and promising approach to meeting these challeng-
es. By integrating historical consumption data, climate varia-
bles and occupancy behaviour, this model could not only
improve energy efficiency, but also help to reduce opera-
tional costs for building managers. The research strategy
adopted is based on an in-depth analysis of the specific needs
of the Beninese context, taking into account existing infra-
structures and technological limitations. In addition, the lit-
erature review was essential for the development of the the-
oretical framework, as it identified and synthesised key con-
cepts, existing theories and relevant data, thus providing a
solid and justified basis for orienting the research and struc-
turing the analysis.

However, in the absence of empirical results, it is essential
to stress that the success of this initiative will depend on a
number of factors, including the commitment of stakeholders,
the availability of data and institutional support. Thus, to
ensure the effective implementation of this predictive model,
it is recommended to:

1. Building the technical capacity of local players in artifi-
cial intelligence and energy management, through training
and workshops.

2. Promote the collection of reliable and continuous data
on the energy consumption of buildings, by integrating intel-
ligent sensor technologies.

3. Encouraging public-private partnerships to foster inno-
vation and investment in sustainable energy technologies.

4. Raising end-user awareness of the importance of energy
management and the efficient use of resources, to ensure the
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adoption and acceptance of new technologies.

5. Simplify the application of Al-based methods for effec-
tive use in real-life practice. Indeed, previous studies have
used different types and numbers of input data to build their
prediction model. Although most studies have shown prom-
ising results, it is difficult to apply them widely in real prac-
tice due to the lack of a unified input data format. Therefore,
the type and number of input variables need to be determined
in order to standardise data collection instruments.

All in all, the development of a predictive model based on
artificial intelligence for the energy management of buildings
in Benin is not only a necessity, but also an opportunity for
transformation towards a more sustainable and resilient en-
ergy economy. It is imperative that efforts are focused on
integrating this approach into national energy policies to
maximise its impact.

Abbreviations

AG Genetic Algorithm

ASHRAE American Society of Heating, Refrigerating
and Air-conditioning Engineer

Al Artificial Intelligence

ANFIS Adaptive Network-based Fuzzy Inference
System

ANN Artificial Neural Networks

ANOVA  Analysis of Variance

ARIMA Autoregressive Integrated Moving Average

ARMAX  Autoregressive Moving Average with
Exogenous Inputs

BIM Building Information Modeling

BPNN Backpropagation Neural Network

BTC8 Be Compressed Earth Block Stabilised with 8%

I-1 Cement and Containing 1% Cement Quack
Grass Straw

CDD Cooling Degree Days

CHAID Chi-squared Automatic Interaction Detection

CNSS National Social Security Fund

CR Coefficient of Regression

HVAC Heating Ventilation Air Conditioning

FA Random Forest

FCC Blurred C-Means

FFNN Feedforward Neural Network

GHG Greenhouse Gases

GRNN Generalized Regression Neural Network

MCH Hierarchical Expert Mix

HVAC Heating, Ventilation, and Air Conditioning

1A Artificial Intelligence

loT Internet of Things

IEA International Energy Agency (Agence
Internationale de I'Energie)

IPMVP International Performance Measurement and
Verification Protocol

MAE Mean Absolute Error

MLP Multilayer Perceptron
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MVS Support Vector Machines

OoDD Sustainable Development Objectives

PAG Government Action Program

R? R-squared (Coefficient of Determination)
RBFNN Radial Basis Function Neural Network
RGPH4 4thGeneral Census of Population and Housing
RLM Multiple Linear Regression

RMSE Root Mean Square Error

RNA Artificial Neural Network

RNP Deep Neural Networks

NAPS Back Propagation Neural Network
SMPCBC  Stochastic Model Predictive Control, Energy
SG Efficient Building Control, Smart Grid
SNIAM National Strategy for Artificial Intelligence

and Megadata

TRNSYS  Transient System Simulation Tool

UEMOA  West African Economic and Monetary Union
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