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| 1. Motivation

Energy systems are fundamental elements in establishing desirable living standards in modern buildings as they
significantly impact the comfort and well-being of occupants. With precise temperature control, optimal lighting, and
efficient air circulation, a building transforms into a space that promotes comfort, health, and productivity, elevating the
living and working experience within the structures WRIBIAIBIEIIE However such systems inevitably render buildings, as
significant energy consumers, as devastating sources of impact on the environment degradation that is affecting the
quality of life outdoors. Given the growing emphasis on sustainability and the rising cost of energy, the efficient control of
such systems has become paramount. Improving their operational efficiency may lead to significant energy savings, lower
operational costs, and a reduced impact on the environment [220121](22],

To address such challenging demands, several control approaches have been developed over the years. Traditional
methods, such as the ON/OFF control or even rule-based controls (RBCs), have provided a foundational approach to
energy management with substantial advantages in energy efficiency and comfort 13I8 However, while these
straightforward strategies offered initial benefits in terms of simplicity and ease of implementation, they often fall short in
considering optimization and adaptability aspects. Limited by the integrated predefined rules, such frameworks have
proven insufficient in adapting toward dynamic building conditions and occupant preferences. Without the capacity to
manage the intricate interactions of building systems and external influences like weather changes, these approaches
often lead to inefficiencies, heightened energy usage, and compromised comfort for occupants LSILEILTMASILY Sych g
challenge grows even further by integrating demand response approaches, which require quick changes based on grid
demands, or RESs in buildings, which hold significant unpredictability [22(21122][23]

Emerging from these foundational methods, intelligent adaptive and predictive methodologies have begun to gain
significant interest in various fields of research 24252681271 Such control strategies offer a more refined approach for
balancing energy efficiency and comfort in BEMSs by adapting to changing conditions and learning from data, ensuring
optimal energy use without compromising comfort 281, By processing real-time information and making predictive
adjustments, such intelligent systems have proven adequate in providing a harmonized solution, outpacing traditional
control methods in both efficiency and user satisfaction [2[BAE1][32](33]

Within the context of intelligent control for systems like BEMSs, two primary segments are often highlighted: model-based
and model-free control strategies 4. Model-based approaches rely on accurate mathematical models of the system
being controlled. These models describe how the system behaves under different conditions, allowing for predictive and
optimized control BIB8IENE8] Techniques such as model predictive control (MPC) are classic examples of this approach
(391 Model-free approaches, on the other hand, do not depend on an explicit model of the system. Instead, they learn
directly from data or experiences, adapting their control strategies over time. Primary examples of model-free approaches
concern reinforcement learning (RL), deep reinforcement learning (DRL), neural networks, fuzzy logic, or the hybrid

approaches between them. Figure 1 portrays the prevalence of each model-free approach for the 2015-2023 period 4%
[41][42][43]
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Figure 1. The Model-free HVAC control citations share (%) per methodology (left) and the HVAC citations count per
methodology (right) for the 2015-2023 period.

One particular segment of the model-free control considers the mathematical framework of ANNs. Inspired by the human
brain’s processing capabilities, it has the potential to be trained, to learn from data, and to adapt over time. Unlike many
traditional and intelligent methodologies, ANNs do not require explicit programming or extensive system knowledge [£4143]
48] | everaging their capability to identify patterns, such mathematical frameworks become exceptionally proficient at
predicting energy system behaviors in dynamic environments such as buildings. According to the literature 7, ANNs
have shown a remarkable ability in handling non-linearities, uncertainties, and multi-variable systems, often outperforming
other techniques in terms of accuracy and adaptability. Their capacity to integrate vast amounts of data, from various
sensors and sources, and to derive actionable insights sets them apart 4849501 The potential of ANNs in BEMSs has
been further enhanced with the introduction of deeper neural network architectures that consider large-scale mathematical
structures that are able to capture complex relationships and patterns in vast amounts of building data BLE253] gych
frameworks allow for even more accurate insights into building dynamics, from occupant behavior to equipment inter-
dependencies. This evolution in control strategy, driven by deep learning, heralds a new era for BEMSs, where energy
savings and comfort are optimized and adapted to both external factors and internal demands 2. Figure 1 illustrates the
importance of an ANN-based control as a mandatory model-free approach for HVAC systems (2015-2023), which
portrays the most common BEMSs in building structures B4, At this point, it should be noted that deep learning principles
may extend beyond traditional artificial neural networks (ANNSs), such as through incorporating elements from other
machine learning methods such as regression, random forests, and SVMs.

Yet, as with any technology, ANNs are not without their challenges as training them requires a considerable amount of
data, and ensuring their robustness and reliability in real-world scenarios remains a pressing concern. Moreover, their

black box nature may raise concerns, particularly in critical systems where understanding the rationale behind decisions is
crucial 421521,

Motivated by the extended use of ANNSs for predicting and optimizing energy system behavior in buildings in a building
environment, the current work evaluates several highly cited ANN-based works from 2015-2023, and it considers the
optimization of different BEMSs, such as HVAC, DHW, LS, and RES frameworks, along with their integrated applications.
By analyzing different ANN methodologies and concepts, the primary aim of the current work is to gather, categorize, and
evaluate their different attributes, as well as to consider the aggregated studies and to provide a thorough evaluation of
the different patterns and trends that the ANN control frameworks exhibit toward BEMSs. Identifying such patterns is
essential for identifying future directions, to obtain meaningful conclusions regarding the capacity and potential of ANN-
driven applications in BEMSs, and to deliver a comprehensive overview of the particular control domain.

| 2. Primary Building Energy Management Systems Types

BEMSs are crucial for the automation and optimization of energy use within a building’s various systems. ANNs play a
pivotal role in such devices by enabling the predictive control and optimization of energy usage. They analyze historical
and real-time data to forecast energy demand, enhancing the efficiency of heating, cooling, and lighting equipment. ANNs
also adapt to changing environmental conditions and user behaviors, ensuring optimal energy consumption while
maintaining the comfort levels in buildings. The following attributes break down the operation of the most common BEMSs
and illustrate their challenges regarding the relative ANN applications [Z34]:

+ Heating, Ventilation, and Air Conditioning (HVAC): HVAC systems regulate the indoor climate to maintain comfort.
They are complex with fluctuating loads and numerous sub-components, thus making them prime candidates for ANN-
based optimization. The challenge lies in creating sufficient ANN models to accurately predict thermal loads and



system responses to various conditions. ANNs need extensive training data to capture all possible scenarios, including
seasonal changes and occupancy patterns.

 Domestic Hot Water (DHW): DHW systems provide hot water for residential or commercial use. ANN-based controls
for DHW systems may predict hot water demand and optimize energy use while ensuring availability. The challenge is
to model the sporadic usage patterns and integrate them with other systems like solar heating, which can be
unpredictable due to weather variations.

* Lighting Systems (LSs): Smart lighting controls adjust based on occupancy and ambient light levels. ANN can
optimize lighting for energy savings while maintaining comfort. The challenges include the need for real-time
responsiveness to sudden environmental changes and accurately modeling human presence and movement patterns.

+ Renewable Energy Systems (RESs): These include photovoltaic panels, wind turbines, etc., which supply sustainable
energy. ANN-based controls are adequate for predicting energy production and managing storage or grid exports.
Challenges arise from the inherent unpredictability of renewable sources and the complexity of integrating them with
traditional energy systems. (It should be mentioned that, while RESs like wind and solar power are inherently variable,
advancements in weather forecasting and predictive analytics have greatly improved their predictability. This
technological progress enables more reliable energy production forecasts, thereby mitigating the impact of their natural
unpredictability. Thus, the integration and stability of renewable energy in power systems are continuously enhancing).

« Energy Storage Systems: Batteries and thermal storage systems are used to balance supply and demand. ANNs
may provide predictions of when to store energy and when to release it based on predictions of future energy prices
and demand. The main challenge is the dynamic nature of energy markets and consumption patterns.

* Integrated Building Management Systems (IBEMSs): IBEMSs concern the integration of multi-device systems,
including the abovementioned BEMSs, or any other appliances in the building environment, for holistic building energy
management.

The multiverse role of ANNs with respect to the different BEMSs are summarized in the following Figure 2.
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Figure 2. The role of ANN applications for BEMS control and optimization.

3. General Description of Artificial Neural Network-Based Control in
Building Energy Management Systems

In order to provide the abovementioned functionalities for the different BEMSs, ANNs may be utilized in a specific manner.
To this end, the general operation of ANNs in controlling the different BEMS frameworks typically follows a process of data
collection, model training, prediction, and control action. The following Figure 3 provides a diagrammatic representation of
the process:
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Figure 3. The general scheme of ANN-based control for building management systems (BEMSSs).

More specifically, the five-step methodology of Figure 3 integrates the following aspects:



Data Collection: This involves gathering BEMS-related real-time data from environmental sensors, energy meters,
and other 10T devices, along with historical energy usage patterns, current weather conditions, occupancy levels,
equipment status, and utility rates. These data form the basis for making informed decisions.

Data Preparation: The raw data undergo rigorous cleaning to rectify inconsistencies and fill gaps, and this is followed
by feature engineering to highlight relevant predictive factors. This process is crucial for fostering the ANN'’s predictive
accuracy, thus ensuring it receives quality input for optimal energy management performance.

Model Training: In this step, the ANN is configured and trained using historical data, weather forecasts, and feature
selection to recognize patterns and dependencies. The ANN architecture is designed and the parameters are
optimized.

Model Validation: In this stage, a dedicated validation dataset is utilized to evaluate the model's predictions, while
cross-validation ensures the model's performance is consistent across different subsets of the data. A performance
metric analysis is conducted assessing accuracy, precision, and other relevant metrics to gauge the model’'s predictive
power.

Model Predictions: The trained model is then used to forecast future energy demand, predict indoor environmental
conditions, and perform optimization with the help of the model predictive control. This includes determining the best
start and stop times for equipment, anticipating system loads, and conducting economic analysis for cost-saving
measures.

Control Actions: The final step is where the BEMS acts on the ANN and outputs to the control the building’s energy
systems. This includes adjusting HVAC settings, regulating lighting, operating shades and blinds, managing RES,
integrating demand response strategies, adapting to user preferences, and monitoring/reporting on energy savings to
stakeholders.
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