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Abstract: As Smart Cities development grows, deploying advanced technologies, such as the Internet
of Things (IoT), Cyber-Physical Systems, and particularly, Artificial Intelligence (AI), becomes
imperative for efficiently managing energy resources. These technologies serve to coalesce elements
of the energy life cycle. By integrating smart infrastructures, including renewable energy, electric
vehicles, and smart grids, Al emerges as a keystone, improving various urban processes. Using the
PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) and the Scopus
database, this study meticulously reviews the existing literature, focusing on Al technologies in four
principal energy domains: generation, transmission, distribution, and consumption. Additionally,
this paper shows the technological gaps when Al is implemented in Smart Cities. A total of 122 peer-
reviewed articles are analyzed, and the findings indicate that AI technologies have led to remarkable
advancements in each domain. For example, Al algorithms have been employed in energy generation
to optimize resource allocation and predictive maintenance, especially in renewable energy. The
role of Al in anomaly detection and grid stabilization is significant in transmission and distribution.
Therefore, the review outlines trends, high-impact articles, and emerging keyword clusters, offering
a comprehensive analytical lens through which the multifaceted applications of Al in Smart City
energy sectors can be evaluated. The objective is to provide an extensive analytical framework
that outlines the Al techniques currently deployed and elucidates their connected implications
for sustainable development in urban energy. This synthesis is aimed at policymakers, urban
planners, and researchers interested in leveraging the transformative potential of Al to advance the
sustainability and efficiency of Smart City initiatives in the energy sector.

Keywords: smart cities; energy sector; artificial intelligence

1. Introduction

The concept of Smart Cities can be interpreted in many different ways, which high-
lights the importance of having a universally accepted definition. An example of this
is highlighted in [1], where the concept of “smartness” in the context of Smart Cities is
addressed as the unification of sustainability objectives, which ensures that technology inte-
gration serves a purpose beyond mere automation and actively engages users in achieving
environmental goals. However, it is also recognized that the definition of Smart Cities is
flexible and can be adapted to suit specific situations and contextual factors [2]. The integra-
tion of communication and information technologies in Smart Cities offers a wide range of
potential benefits. The primary objective of Smart Cities is to effectively manage resources
and achieve efficient energy consumption while facilitating seamless data communication
to ensure smooth Smart City operations [3]. To cope with increasing power demands while
protecting citizens from the detrimental effects of Greenhouse Gases (GHGs) emissions, it
becomes crucial to monitor and manage energy in an efficient manner throughout its entire
life cycle, which encompasses generation, transmission, distribution, and consumption
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processes. By adopting comprehensive energy management strategies, Smart Cities can
play a pivotal role in promoting sustainability and mitigating environmental impacts [4]. In-
deed, the integration of smart energy management is vital to further enhance the efficiency
of Smart Cities. This integration can be achieved through the incorporation of Artificial
Intelligence (AI) techniques. Al has the potential to significantly contribute to the perfor-
mance and integration of alternative energy sources within the Smart City infrastructure.
By leveraging Al algorithms, smart energy management systems can intelligently analyze
large amounts of data from various sources, including renewable energy generation, energy
consumption patterns, weather conditions, and demand forecasts. This enables the opti-
mization of energy distribution and consumption, leading to more efficient utilization of
resources and reduced reliance on traditional fossil fuel-based energy sources. Al also plays
a crucial role in enhancing the integration of renewable energy into the existing energy
grid. With its ability to adapt and learn from real-time data, Al can dynamically adjust
energy distribution and storage strategies, ensuring the seamless integration of fluctuating
renewable energy sources like solar and wind power. Furthermore, Al-driven predictive
analytics can aid in anticipating energy demand fluctuations and identifying potential areas
for energy savings and optimization. This empowers Smart Cities to proactively manage
energy resources, reduce waste, and minimize carbon emissions, contributing to a more
sustainable and eco-friendly urban environment. The incorporation of Al techniques into
smart energy management systems holds significant promise for improving alternative
energy performance and integration in Smart Cities, fostering a more sustainable and
energy-efficient future [5]. Various Al algorithms are currently under study and review
for diverse applications in industries that have shown increasing interest in them. This
includes the implementation of the Smart City concept [2].

One of the definitions of Al can be found in [6]. In this context, the concept of Artificial
Intelligence (Al) is initially defined as the capacity of an entity to function effectively in
response to its environment. Therefore, Al involves the development of machines endowed
with this characteristic, enabling them to perform functions within their environment,
effectively mechanizing human thought processes.

In the domain of energy systems, Al finds several valuable applications. In particular,
it can be employed for energy management to achieve savings, enable control functions,
and optimize the forecasting of alternative energy generation. Al also facilitates accurate
demand forecasting, consumption prediction, and the efficient monitoring of energy grids,
contributing to enhanced operational efficiency and sustainability in the context of Smart
Cities and beyond [7]. Therefore, the use of Al methods is an important tool to be used
to improve different stages of the energy cycle in Smart Cities. Al has some important
features that can be used in the energy sector, as shown below:

1.  Learning: This aspect of Al relies on data collection and analysis to create algorithms
that facilitate the development of efficiency-promoting processes. By processing large
data sets, Al systems can identify patterns, trends, and correlations, enabling them to
learn from past experiences and make informed decisions.

2. Cognition: The cognitive capabilities of Al help to recognize similarities and patterns
in previous processes. Drawing on past experience and knowledge, Al can interpret
complex data, recognize trends, and generate valuable insights, improving decision-
making processes.

3. Actions: Alis capable of making automatic decisions within specified time frames.
This involves the real-time processing of data to generate responses and take actions
based on predetermined rules or learned behaviors. Such automation can streamline
various tasks, leading to increased efficiency and precision. These fundamental Al
functionalities play a crucial role in a wide array of industries, including energy man-
agement in Smart Cities, predictive analytics, natural language processing, robotics,
and more. As Al continues to advance, its potential for transformative impact across
diverse fields remains substantial [8].
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To recognize the main elements in which Artificial Intelligence helps Smart Cities
in the generation, transmission, distribution, and consumption of energy, the following
questions are formulated for answering through the literature review:

¢ How can the implementation of AI methods address crucial challenges in the en-
ergy sector?

¢  What Al methodologies are currently being employed in Smart Cities to address
challenges in the energy sector?

e What advantages does the application of Al in the energy sector offer that conventional
methods cannot achieve?

*  What are the latest trends in applying Al in Smart Cities to improve the energy sector?

This paper presents a review of the literature conducted using the Scopus search
engine employing the PRISMA (Preferred Reporting Items for Systematic Reviews and
Meta-Analyses) methodology. PRISMA primarily focuses on the reporting of reviews
evaluating the effects of interventions but can also be used as a basis for reporting systematic
reviews with objectives other than evaluating interventions [9]. This methodology is a
guideline for writing clear, detailed reports on systematic reviews and meta-analyses,
ensuring transparency and reliability. The guidelines include a Title and Abstract, which
should be clear and concise, summarizing the reviewer’s goals, methods, results, and
conclusions. The Introduction section explains the rationale and objectives of the review.
The Methods section describes the criteria for selecting studies and the data collection and
analysis methods. In the Results section, the study selection process is illustrated (often
with a flow chart), together with the characteristics of the studies and the main findings.
The Discussion section interprets the results, considering the strengths and weaknesses of
the evidence, and discusses the generalizability and applicability of the findings. PRISMA
also assists authors in ensuring that they include all essential information and improve
the transparency of their review or analysis. This research focuses on the utilization of
Artificial Intelligence (AI) in the energy sector for Smart Cities. This includes the use of Al
for control, the integration of renewable energy, smart grids, energy production, and the
forecasting of energy consumption, as well as other Al applications. As the main results,
statistical information is presented, such as the annual scientific production, most relevant
sources, most cited articles, most relevant words, and keyword co-occurrence. These results
can help in visualizing the trend of publications for each category, identifying areas of
opportunity for publications, identifying the main concepts that appear for each category,
highlighting the potential of using Al in the energy sector, and showing some case studies
where it has been successfully implemented.

This document is divided into four main categories: energy generation, transmission,
distribution, and consumption. Statistical data are presented about the annual publications,
the most cited articles, and principal keywords. In addition, a keyword co-occurrence
network is presented for each section in order to recognize the main concepts of each
category and the relationship between the principal topics.

2. Methodology

This research article employs the Preferred Reporting Items for Systematic Reviews
and Meta-Analyses (PRISMA 2020) as the proposed methodology. PRISMA 2020 offers
effective reporting guidance for systematic literature reviews. The PRISMA method can be
summarized using the chart presented in Figure 1. The initial phase involves the identifi-
cation and screening of relevant papers to be included in the research. The exploration of
articles was conducted by performing a comprehensive search on Scopus using specific
terms related to “Smart Cities”. The search targeted these terms within the title, abstract,
and keywords of the articles. In addition, the following terms are used: “AND Energy
AND Artificial Intelligence OR Al” (Smart Cities-Energy-Artificial Intelligence). The articles
had to meet certain eligibility criteria, including being of the document type “journal” and
published in English within the last ten years prior to conducting the research (from 2013
to 2023). Subsequently, the base search was repeated by incorporating additional terms,
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Preliminar
Search

Generation, Transmission, Distribution and Consumption, including one term at a time after
the term Energy of the base term. The potential articles identified during the initial search
were subjected to a rigorous full-text review, and those that met all the specified criteria
were included for further analysis. The subsequent phase involved data extraction and
synthesis, which required retrieving relevant information using a standardized approach,
including statistical meta-analysis. The search results derived from Scopus, with the base
term, were exported and subjected to statistical analysis using the “Blibliometrix” software
version 4.1.4. Additionally, a keyword co-occurrence network (KCN) was generated using
the “VOSviewer” software version 1.6.19.
[ Discussion j
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Figure 1. PRISMA method flowchart for paper inclusion/exclusion.

3. Results
3.1. Literature Review and Content Analysis

Using the methodology described in the previous section, the following results were
obtained for the base terms. One way to easily analyze the results is by having a keyword
co-occurrence network. Figure 2 shows a map made with the VOSviewer software; in
this map, concepts such as IoT, energy efficiency, machine learning and smart grids are
presented. A separate map was created for each category: energy generation, transmission,
distribution and consumption. The purpose was to identify which category showed a
higher prevalence of concepts in the overall map.

The following subsections analyze the statistical results of the search by adding a term
each time, these terms being Generation, Transmission, Distribution and Consumption, in the
Smart City Energy sector.

3.1.1. Energy Generation

The initial search was conducted on Scopus once more, incorporating the term “Genera-
tion” into the query. The search parameters were configured as follows: “Smart Cities” AND
“Energy” AND “Generation” AND “Artificial Intelligence” OR “Al” (Smart Cities-Energy-
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Generation-Artificial Intelligence). This yielded a total of 45 journal publications published
since 2013. For this search, 35 sources were examined, involving 200 different authors.

Figure 3 illustrates the yearly scientific output on this subject. Given the relatively
limited number of articles yielded by the initial search, the screening process primarily
relied on keywords within titles and abstracts. However, a notable average annual growth
rate of 42.62% was observed. The year 2023 has the highest publication count, totaling
12 publications. Notably, this observation was made at the midpoint of the year, suggesting
the likelihood of additional publications during this period. This potential for further
contributions could continue the upward trajectory in the research output.

decision sup.ur}ﬁ:‘éms

N

“buidings

N\
\

Figure 2. Keyword co-occurrence network for Smart Cities-Artificial Intelligence-Energy.
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Figure 3. Annual scientific production (articles per year) for Smart Cities-Artificial Intelligence-
Energy-Generation.

These publications involve authors from a variety of countries, the most prominent na-
tionalities being China (38), India (20), Canada (12), the UK (12), Saudi Arabia (11), Iran (10),
South Korea (10), the USA (10), Spain (9), and Japan (7). Additionally, when considering
the number of citations received by articles originating from different countries, the leading
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nations are as follows: USA (423), China (127), South Korea (71), Romania (66), Turkey (36),
India (29), South Africa (25), the United Kingdom (18), Qatar (14), and Bulgaria (6).

Table 1 shows the most relevant journals for paper publishing, exhibiting the number
of articles published by each one of the journals, ranking in first place “Sustainable Cities
and Society” with a total of 4 articles.

Table 1. Most relevant sources for Smart Cities-Energy-Generation-Artificial Intelligence.

Rank Publisher No. of Articles
1 Sustainable Cities and Society 4
2 IEEE Access 3
3 Sensors 3
4 Applied Sciences 2
5 IET Smart Cities 2

Table 2 shows the most cited articles worldwide for Smart Cities-Artificial Intelligence-
Energy Generation. The most cited article is that of Ghadmai et al. with 75 citations,
published in 2021 for Sustainable Cities and Society.

Table 2. Most globally cited articles published for Smart Cities-Energy-Generation-Artificial Intelligence.

Authors, Year

Title Citations Source

Ghadami N. et al. [2021] [10]

Implementation of solar energy in Smart Cities
using an integration of artificial neural network, 75
photovoltaic system, and classical Delphi methods

Sustainable Cities and
Society

Serban AC. et al. [2020] [11]

Artificial Intelligence for smart renewable energy
sector in Europe—smart energy infrastructures for 66 IEEE Access
next-generation Smart Cities

Block5GlIntell: Blockchain for Al-enabled

Azzaoui AE, [2020] [12] 5G networks 55 IEEE Access
6G massive radio access networks: Key IEEE Open Journal of
Lee YL, [2021][13] applications, requirements and challenges 52 Vehicular Technology
Zhang, N., [2016] [14] Semantic framework of Internet of Things for 47 Sensors

Smart Cities: Case studies

The keyword search for Smart Cities-Artificial Intelligence-Energy-Generation yielded the
following most common keywords: Smart Cities (23), Artificial Intelligence (19), Internet of
Things (16), Energy Utilization (14), Mobile Communication Systems (11), Energy Efficiency (10),
Deep Learning (9), Learning Systems (8), Decision Making (7), and Economics (7) as shown
in Figure 4.

To analyze the word co-concurrency, VOSviewer software was utilized to generate
a KCN (keyword co-concurrence network). Figure 5 shows the map obtained from the
file with the Scopus search containing the data from articles previously referenced. This
map or KCN shows that words like sustainable development, decision making, and energy are
closely related to Artificial Intelligence and energy generation. While bigger nodes show
the frequency of occurrence of each word as can be seen on the KCN, the biggest nodes
(not containing Smart Cities) are Internet of Things, learning systems, deep learning, mobile
communications systems, energy utilization and energy efficiency, which have the greatest
occurrence, which coincides with the previous keyword analysis.
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Figure 4. Most relevant words for Smart Cities-Energy-Consumption-Artificial Intelligence.
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Figure 5. Keyword co-occurrence network for Smart Cities-Artificial Intelligence-Energy-Generation.

3.1.2. Renewable Energy Sources within Smart Cities

To highlight the significance of renewable sources in previous years and their prospec-
tive impact in the coming years, a subsection was created under the category of Power
Generation. This subsection is dedicated to underscoring the contribution of renewable
energy sources. A search was performed on Scopus to identify the currently relevant topics
and potential future trends in the use of two of the most widely adopted renewable energy
sources, namely solar and wind energy, within the context of Smart Cities. The search query
employed was as follows: “Smart Cities AND Energy AND Generation AND Solar AND
Wind” (Smart Cities-Energy-Generation-Solar-Wind). For this search, the selected timeframe
ranged from 2013 to 2023, and only journal publications in the English language were
considered eligible. This search yielded a total of 47 articles, yet only 23 met the specified
criteria outlined above. The average annual growth rate for this search is calculated at
1.84% from the start of the chosen period to its conclusion; this trend can be attributed
to the publications between 2013 and 2016 showing a declining pattern. However, in
subsequent years, there has been a consistent and continuous upward trend in the number
of publications. Figure 6 illustrates the annual scientific production, revealing a significant
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increase in article output from 2013 to 2023. This underscores the recent upward trajectory
in the field.

Indeed, it is crucial to recognize that at the time of composing this paper, there may
still be forthcoming publications for 2023, rendering the final count for articles in this year
subject to potential change. Concerning the search results, the volume of articles published
on this topic emphasizes “Energy” as the most prominent source, boasting six articles.
“Renewable Energy” closely follows with four articles, and “Energies” holds the third
position with three articles, establishing these as the top three journals with the highest
number of publications. Furthermore, Table 3 shows other notable sources identified in
this search section.

Among the total of 47 published articles, the production per country indicates that
India is the largest contributor to this renewable energy section, with 27 authors originating
in this country. Saudi Arabia and China are closely behind, with 24 and 20 authors,
respectively. Additionally, significant contributions are observed from authors hailing from
Italy, with 18 of them. Furthermore, several countries have actively participated in this
research area, including South Korea (12), the USA (8), Iran (6), Singapore (6), Canada (5),
and the United Arab Emirates (5). This international involvement underscores the global
significance and collaborative efforts in advancing knowledge related to renewable energy
generation sources for applications in Smart Cities.

12

Articles

0 | | | | | | | |
2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 2023
Year

Figure 6. Annual scientific production for Smart Cities-Energy-Generation-Solar-Wind.

Table 3. Most relevant sources for Smart Cities-Energy-Generation-Solar-Wind.

Rank Publisher No. of Articles
1 Energy 6
2 Renewable Energy 4
3 Energies 3
4 Energy Reports 3
5 Applied Energy 2

Table 4 shows the articles from the search with the most citations; ref. [15] is the one
that has the most citations.

From this search made, Figure 7 shows the most relevant words obtained; Renewable
Energies (42) and Solar Power Generation (28) are the ones that appear the most in the
search. Going deeper into the relevant words, it can also be seen that Smart City (16),
Wind Power (16), and Smart Grid (15) also appear frequently in the articles. Economic
Analysis (8) and Electric Power Transmission Networks (8) are also important concepts for
the introduction of alternative energy sources, as they allow us to know the feasibility of
an energy project and energy transportation, respectively. Sustainable Development (7) is
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also an important concept mentioned, as one of the main goals of these energy sources is
to reach this sustainable development in Smart Cities and reduce fossil fuel dependency.
Other relevant words are Power Generation (7) and Energy Storage (6).

Renewable Energies

Solar Power Generation

Smart City

Wind Power

Smart Grid

Economic Analysis

Electric Power Transmission Networks
Power Generation

Sustainable Development

Energy Storage

0 10 20 30 40
Figure 7. Most relevant words for Smart Cities-Energy-Generation-Solar-Wind.

Table 4. Most globally cited articles published for Smart Cities-Energy-Generation-Solar-Wind.

Authors, Year

Title Citations Source

Ramli Mam et al. [2018] [15]

Optimal sizing of PV /wind/diesel hybrid
microgrid system using multi-objective 345 Renewable Energy
self-adaptive differential evolution algorithm

Yang D. et al. [2013] [16]

Solar irradiance forecasting using
spatial-temporal covariance structures and 121 Renewable Energy
time-forward kriging

Oldenbroek V, et al. [2017] [17]

Fuel cell electric vehicle as a power plant: Fully
renewable integrated transport and energy International Journal of
. . 76
system design and analysis for Hydrogen Energy
Smart City areas

De Luca G. et al. [2018] [18]

A renewable energy system for a nearly zero
greenhouse city: Case study of a small city in 51 Energy
southern Italy

Soliman Ms et al. [2021] [11]

Supervisory energy management of a hybrid
battery /PV/tidal/wind sources integrated into 42 Energy Reports
a DC-microgrid energy storage system

A KCN was obtained using VOSviewer by introducing the information obtained
from the Scopus search. Figure 8 illustrates the KCN focusing on solar power generation
and its interconnected nodes, including renewable energy, hybrid systems and electric
power. Another important concept depicted in the KCN is wind power, highlighting the
frequent association between smart grids, Smart Cities, and wind energy generation. This
diagram serves as a valuable tool to analyze crucial topics related to the integration of
renewable energies into Smart Cities. One notable relationship showcased in this diagram
is the energy storage and photovoltaic systems. It exemplifies the essential role of storage
devices in supporting the operation of photovoltaic systems. Additionally, the diagram
features an economic analysis component closely tied to solar power generation. This
economic analysis can be linked to the feasibility assessment of solar photovoltaic (PV)
systems from a financial perspective. This type of graphical representation effectively
illustrates associations between commonly co-searched keywords. An examination of data
extracted from Bibliometrix reveals that topics such as energy utilization, economics, and
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greenhouse gases are currently capturing the attention of scientists as indicated by their
relevance and ongoing development. These subjects are intricately linked to the global
issue of climate change and represent a pressing global concern. Furthermore, emerging
themes highlighted in the diagram include forecasting, deep learning, solar radiation, and
weather stations. This aligns with the consensus that the use of renewable energy sources
is key to achieving the Sustainable Development Goals. The prominence of Artificial
Intelligence underscores its increasing relevance and growth in the current year. Overall,
this KCN offers a comprehensive overview of the interconnections and areas of interest
within renewable energy and Smart City development. It serves as a valuable resource for
understanding the evolving landscape of sustainable energy solutions and their critical role
in addressing global challenges such as climate change.

photoioltaics
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St paier grids electrit-powgeneration
natural f@seurces
wmt'wer hybridigystems
electricpoweriifansmission ne
sofar-powlgeneration
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energy.
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— OSviewer]
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Figure 8. Keyword co-occurrence network for Smart Cities-Energy-Generation-Solar-Wind.

3.1.3. Energy Transmission

For the Transmission section, a Scopus search was performed by adding the aforemen-
tioned term to the base structure, resulting in “Smart Cities AND Energy AND Trans-
mission AND Artificial Intelligence OR AI” (Smart Cities-Energy-Transmission-Artificial
Intelligence. It has a total of 31 articles, with an average annual growth rate of 14 percent
from the year 2013 to 2023. Figure 9 shows the Annual Scientific production. It is essential
to note that the analysis excludes articles published from 2013 to 2015 for this specific topic
or area, as there were no publications during that period. Therefore, the graph and statistics
presented focus only on the years following 2015.

As is evident from the analysis, there is a clear tendency to increase the number of
publications over time. However, it is noteworthy that there is a notable lack of publications
specifically focused on energy transmission. It is essential to acknowledge that this paper’s
analysis was conducted before the end of 2023, leaving room for additional publications
during the remaining part of the year. Therefore, the number of publications for 2023 may
still witness growth, potentially shedding more light on the area of energy transmission in
the context of Smart Cities. The most relevant sources are presented in Table 5, IEEE Access,
Sustainable Cities and Society, Wireless Communications and Mobile Computing being the three
sources with the most publications in this field, each having three publications.
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Figure 9. Annual scientific production of energy transmission keyword co-occurrence network for
Smart Cities-Artificial Intelligence-Energy-Transmission.

Table 5. Most relevant sources for Smart Cities-Artificial Intelligence-Energy-Transmission.

Rank Publisher No. of Articles
1 IEEE Access 3
2 Sustainable Cities and Society 3
3 Wireless Communications and Mobile Computing 3
4 Sustainability 2
5 Computer Communications 1

Indeed, it is crucial to highlight that China exhibits the highest number of authorships,
with 29 articles featuring at least one Chinese author. Following closely are Germany and
Saudi Arabia, each with 11 publications. South Korea and India also demonstrate a signifi-
cant presence in the research, with 10 and 9 articles published by authors of their respective
nationalities, respectively. Furthermore, countries such as France, Lebanon, the United
Kingdom, and Malaysia, among others, have contributed to the research in the selected
category, although to a lesser extent, each having eight articles. The diverse international
participation underscores the global interest and participation in this subject matter.

Table 6 presents the articles with the most citations on this research. The work pre-
sented in [3] is the most cited, with 258 citations.

Table 6. Most globally cited articles published for Smart Cities-Energy-Transmission-Artificial Intelligence.

Authors, Year Title Citations Source
Ullah N. et al. [2020] [3] Applications of Arjﬂflqal Intelhge.n.ce and Machine 258 Comp‘uter'
learning in Smart Cities Communications
Serrano W. et al. [2018] [4] Digital systems in Smart Cities and infrastructure 66 Smart Cities
A systematic literature review on the use of Renewable and
Aguilar J. et al. [2021] [19] Artificial Intelligence in energy self-management 53 Sustainable Energy
in smart buildings. Reviews
Sharma H, [2021] [20] Machine learning in Wl}*eless sensor networks for 50 Electronics
Smart Cities: a survey.
DB-Net: A novel dilated CNN-based multi-step International Journal of
Khan N., [2021] [21] forecasting model for power consumption in 50

. ical P
integrated local energy systems. Electrical Power

The most relevant words for Smart Cities-Artificial Intelligence-Energy-Transmission are
presented using Figure 10, having electric power transmission networks (17) as the category
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with the highest occurrence. Other important concepts can be identified as smart power
grids (12) and Internet of Things (11), which are part of Al and Smart City, which are part of
the base structure.

The map obtained from VOSviewer with the information from the Scopus search is
presented in Figure 11. A relationship between Smart City and Artificial Intelligence is
shown; while Smart City is closely related to Internet of Things and Energy Utilization, on the
other hand, Al is related to Smart Power Grids, and this word to Electric Power Transmission
networks. These are interesting relationships, as smart power grids have Al applications in
electric power transmission networks.

Electric Power Transmission Networks
Artificial Intelligence

Smart City

Smart Power Grids

Energy Utilization

Internet of Things

Smart Grid

Energy Efficiency

Deep Learning

Edge Computing

Smaberid

energymanagement

energy efficiency

Figure 11. Keyword co-occurrence network for Smart Cities-Artificial Intelligence-Energy-Transmission.

3.1.4. Energy Distribution

This time, a search on Scopus for the base structure was performed, adding Distribu-
tion, resulting in “Smart Cities AND Energy AND Distribution AND Artificial Intelligence
OR Al” (Smart Cities-Energy-Distribution-Artificial Intelligence. A total of 21 articles were
found, with an average annual growth rate of 10. 41% from 2013 to 2023. Figure 12 shows
the annual scientific production; similarly to the Energy Transmission subsection, Energy
Distribution has no reported articles found by Scopus from 2013 to 2016. For this reason, the
previously mentioned years are not considered in Figure 12.

For the Energy Distribution topic, an intermittent pattern in the number of publications
is identified, with notable fluctuations over the years. Specifically, there was an increase in
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the number of publications in 2019 and 2021, indicating a surge in research activity during
those periods. However, a decrease in publication frequency was observed in 2020 and
2022. Additionally, as mentioned earlier, the year 2023 is subject to the constraint of limited
publications in the area of energy transmission and distribution. This intermittent trend
in research output underscores the dynamic nature of the field and suggests that further
research is required to determine the factors influencing these fluctuations.

8

Articles
N

0 . . .
2016 2017 2018 2019 2020 2021 2022 2023
Year

Figure 12. Annual scientific production of energy transmission keyword co-occurrence network for
Smart Cities-Artificial Intelligence-Energy-Distribution.

After analyzing the number of articles published regarding this topic, the most relevant
source was Sustainability with four articles, followed by Applied Sciences with three. The
most relevant sources of this section search are presented in Table 7.

Table 7. Most relevant sources for Smart Cities-Artificial Intelligence-Energy-Distribution.

Rank Publisher No. of Articles
1 Sustainability 4
2 Applied Sciences 3
3 Energy and Buildings 2
4 Energy 1
5 Future Generation Computer Systems 1

Upon analyzing production by country, China emerges as the leading contributor in
the distribution section, with 18 articles authored by nationals. Following behind are Spain
and Lebanon with eight and six articles, respectively. Noteworthy contributions are also
observed from India, Japan, and Saudi Arabia, each with six articles, among several other
countries that have actively participated in this area of research. The diverse international
participation emphasizes the global interest and collaboration in advancing knowledge
related to energy distribution within Smart Cities.

In Table 8 are presented the articles with the most citations of this research, with [22]
being the most cited, having a total of 182 citations.

The most relevant words obtained for the distribution can be seen in Figure 13, being
Artificial Intelligence (7) and Smart Cities (6). As they are part of the base search, some
of the relevant words were Energy Efficiency (5) and Data Analytics (4). Energy efficiency
is an important concept to consider for distribution networks since most articles seek to
minimize energy losses to obtain better efficiency. For data analytics, it is important to
monitor the distribution of energy, as Al could help to perform this task. Other relevant
words are Economics (4) and Deep Learning (4).
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A KCN was obtained using VOSviewer by feeding the information obtained from the
Scopus search; Figure 14 shows this KCN. The KCN shows that the main topic is Artificial
Intelligence which is connected to several nodes, such as Learning Systems, Sustainability,
Machine Learning, and Energy Efficiency. This last keyword is connected to the second-
highest co-occurrence word, which is Smart Cities, which shows that Al and Smart Cities
are often paired with energy efficiency.

Table 8. Most globally cited articles published for Smart Cities-Artificial Intelligence-Energy-Distribution.

Authors, Year

Title Citations Source

A comparative study of PSO-ANN, GA-ANN,
ICA-ANN, and ABC-ANN in estimating the

Le L.T. etal. [2019] [22] heating load of buildings’ energy efficiency for 182 Applied Sciences
Smart City planning
Idowu S. et al. [2016] [23] Applied machine learning: Forecasting heat load 152 Energy and Buildings

in district heating system

Zhou Z. et al. [2019] [24]

IEEE Transactions on

Blockchain and computational intelligence . o
Emerging Topics in

inspired incentive-compatible demand response in 91

internet of electric vehicles Comp u?atzonal
Intelligence
Estimating the heating load of buildings for Smart
Le L.T, [2019] [25] City planning using a novel Artificial Intelligence 71 Applied Sciences
technique PSO-XGBoost.
Ingwersen, P, [2018] [26] Smart City research 1990-2016. 36 Scientometrics

Artificial Intelligence
Smart City

Energy Efficiency
Data Analytics
Deep Learning
Economics
Learning Systems
Virtual Reality
Decision Making

Decision Support Systems

0 1 2 3 4 5 6 7
Figure 13. Most relevant words for Smart Cities-Artificial Intelligence-Energy-Distribution.

3.1.5. Energy Consumption

A search was conducted on Scopus for articles containing the terms “Smart Cities
AND Energy AND Consumption AND Artificial Intelligence OR Al” (Smart Cities-Energy-
Consumption-Artificial Intelligence). The results of the previously mentioned search show a
total of 103 documents published from 2013 to 2023, having been published by 60 sources
with a total of 432 authors. Figure 15 shows the number of articles published each year since
2014 (there were no publications during 2013); an interesting pattern can be observed in
the publication trends. In 2015, there was a significant drop in the number of publications,
reaching zero. However, in the subsequent years, there was a steady increase in the number
of articles published, indicating a rising trend. Although 2023 shows a lower production
number so far, it is essential to consider that the year has not concluded, leaving room
for additional articles to be published, potentially continuing the upward trend from
previous years.
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The average annual growth rate for publications containing the specified terms stands
at 35.11%, demonstrating a notable increase in research activity over time. Furthermore,
the average number of citations per article is 27.54, highlighting the impact and relevance
of the research output in this field. These metrics emphasize the significance and growing
interest in the subject of Al applications in the energy sector within Smart Cities.

heating load

big@ata |
smart cities
data-aalytics
virtudlffeality
energyefficiency regressiganalysis oo dmeters
foregisting, smartpgwer grids
nachinglearairg
dedsiominaking distributed ehgrgy resburces
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fearnin stems
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Figure 14. Keyword co-occurrence network for Smart Cities-Artificial Intelligence-Energy-Distribution.

30

25

Articles
o
|

Il Il
18 2019 2020 2021 2022 2023
Year
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Figure 15. Annual scientific production (articles per year) for Smart Cities-Artificial Intelligence-
Energy-Consumption.

The most relevant sources are presented in Table 9, IEEE Access (nine publications),
Sustainable Cities and Society (with nine articles) and Sustainability (with six papers) are
the three sources with the most publications in this field.

The publications encompass authors from various countries, with the most prevalent na-
tionalities among the authors being China (109), the USA (32), India (31), Saudi Arabia (30),
Spain (27), the United Kingdom (23), South Korea (21), Italy (11), Japan (11), and Canada (10),
which comprise the top ten contributors in this category. In particular, South Korea stands
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out as the country with the highest number of citations, with an accumulated total of
148 citations for its contributions in this area. This indicates the significant impact and recog-
nition of research conducted by authors from South Korea in the field of Al applications in
the energy sector within Smart Cities. The wide array of contributing nations reflects the
global interest and collaboration in advancing knowledge in this domain.

Table 9. Most relevant sources for Smart Cities-Artificial Intelligence-Energy-Consumption.

Rank Publisher No. of Articles
1 IEEE Access 9
2 Sustainable Cities and Society 9
3 Sustainability 6
4 Energies 5
5 Sensors 5

Table 10 shows the most globally cited articles for the period comprehended from
2014 to 2023 based on the search Smart Cities-Artificial Intelligence-Energy-Consumption. The
article with the most citations is [27] with a total of 423 citations, which was published in
Applied Energy in the year 2018.

Table 10. Most globally cited articles published for Smart Cities-Artificial Intelligence-Energy-Consumption.

Authors, Year

Title Citations Source

Rahman A., [2018] [27] *

Predicting electricity consumption for
commercial and residential buildings using 423 Applied Energies
deep Recurrent Neural Networks

Ullah, Z., [2020] [28]

Applications of Artificial Intelligence and Computer
. S " 258 C
machine learning in Smart Cities Communications

Alsambhi, S. [2019] [29]

Survey on collaborative smart drones and
Internet of Things for improving smartness of 195 IEEE Access
Smart Cities

Vazquez-Canteli, J. R., [2019] [30] simulation for intelligent energy management 113

Fusing TensorFlow with building energy Sustainable Cities

in Smart Cities and Society

* ref. [27] also appears in the search for energy generation but the topic better fits energy consumption.

The search for keywords related to Smart Cities-Artificial Intelligence-Energy-Consumption
provided the following results: Energy utilization (73), Artificial Intelligence (56), Smart City (52),
Energy Efficiency (30), Internet Of Things (25), Learning Systems (18), Deep Learning (15), Sus-
tainable Development (14), Decision Making (10) and Economics occupy the top ten keywords
results for this search.

As in all previous subsections, a KCN was performed using VOSviewer software,
allowing to visualize the most frequent occurrence of a word and how often words are
searched together. As previously mentioned, it can be corroborated using Figure 16. The
analysis of the keyword frequency of occurrence reveals that terms such as “energy utiliza-
tion”, “energy efficiency”, “Artificial Intelligence ”, “learning systems”, and “deep learning”
are among the most frequently mentioned keywords. In the visual representation of the
data, the larger nodes correspond to terms with the highest frequency of occurrence. On the
other hand, terms with more links represent keywords with a greater co-occurrence with
other terms. This graphical representation provides valuable insights into the prominence
and relationships among the key concepts in the research domain of Al applications in the
energy sector within Smart Cities.
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Figure 16. Keyword co-occurrence network for Smart Cities-Artificial Intelligence-Energy-Consumption.

4. Discussion

This section delves into a more detailed analysis of the selected papers that met
all the specified eligibility criteria. Using the PRISMA methodology, this paper aims to
provide a comprehensive overview of the existing literature on Al applications in the
energy sector within Smart Cities. This systematic review allows to identify common
patterns, consistencies, and trends in each category. By doing so, the reader can gain
valuable insight into the advancements and developments within these research areas. The
following subsections will present the findings for each of the topics in a structured and
coherent manner.

Table 11 shows the articles obtained after screening and will be referred to in the
following sections. The table presents the rich landscape of research in Smart Cities and
energy applications, showcasing the evolution of methodologies and technologies over
time. The diversity of the methods with which researchers have approached the areas
described previously varies from algorithms of machine learning, fuzzy logic, optimization,
and structural analyses; this diversity indicates the interdisciplinary nature of the research
performed in the Smart Cities context and the application that Al has in the same area.
Future research could focus on validating and standardizing approaches to ensure the
compatibility and reproducibility of results in terms of real-world implementation. Possible
areas of exploration include the scalability of the proposed solutions, addressing challenges
in deployment and integration into existing urban infrastructure. Articles from the early
years (2018-2020) showcase a keen interest in topics such as wind characterization, digital
systems for transmission networks, and microgrid management. As emerging technologies
continue to evolve, IoT technologies are becoming increasingly popular. This trend is
evident in the table, where a search for the frequency of the term in the “Method” column
shows a total of 13 occurrences, starting from the year 2020. Climate change is a pressing
issue globally, as evidenced by the increasing number of papers on renewable energy being
integrated into Smart Cities. It is highly recommended to continue research on renewable
energy sources since this topic is still in its nascent stages and remains critical for achieving
long-term energy goals and the Sustainable Development Goals (SDGs). The articles related
to renewables focus on wind turbines, solar energy, hydrogen production, and renewable
energy in high greenhouse-gas-emitting sectors. Methods include structural and modal
analyses, fuzzy methods, social and political analysis, and optimization algorithms.
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Table 11. Articles that fulfilled all eligibility criteria.

Area of Application  Author(s) Year Category Method Source
Smart metering,
Generation Miyasawa A. et al. [31] 2023 Demand forecasting nonparametric IET Smart Cities
regression models.
Generation Shafiullah M. et al. [32] 2023 Energy Systems Artificial Intelligence, IoT Smart Cities
g;;z?z}ilitflgrmed Al for CMES—Computer
Generation Wu Z. et al. [33] 2023 Wind power forecasting . Modeling in Engineering
completing dataset caused and Sciences
by ocassional shutdwon
. Smart Grids with Cloud Computing, International Journal of
Transmission Fakhar A. etal. [34] 2023 Renewable Energy IoT, Blockchain Green Energy
. Bayer D. and Energy Systems in . . .
Consumption Pruckner M. [35] 2023 Buildings Digital Twin Energy Informatics
Stacked Autoencoder (SAE),
Forecasting ener Deep Neural Network Sustainable Energy
Consumption Alymani M. et al. [36] 2023 & 8y (DNN), Bidirectional Long Technologies and
consumption
Short-Term Memory Assessments
(BiLSTM)
Consumption Al-Habaibeh A. et al. [37] 2023 E;flmate crowds in Internet of Things (IoT) Ain Shams Engineering
cities Journal
Artifitial Intelligence .
Energy consumption Technique for Monitoring Sustainable Energy
Consumption Selvaraj R. et al. [38] 2023 ) g Technologies and
management Systems in Smart Buildings Assessmonts
(AIMS-SB)
Consumption Feng Y. et al. [39] 2023 Energy Saving Reinforcement Learning IEEE Access
. . - Deep-chain echo state IEEE Transactions on
Consumption Jiang R. et al. [40] 2023 Demand Prediction network (DCESN) Industrial Informatics
. .. . Long-Short Term memory
Consumption AlHajri L. et al. [41] 2023 Urban Planning networks Energy
Fantin Irudaya Raj E. Wind turbines in smart Structur.a l, modal, and MRS Energy and
Renewables etal. [42] 2023 cities harmonic analyses Sustainabilit
’ performed using ANSYS y
Multi-Head Attention
. (MHA)-based deep .
Generation Khan N. et al. [43] 2023 Power Qeneratlon Autoencoder(AE) with IEEE Internet of Things
Forecasting . . Journal
Extreme Gradient Boosting
(XBG) algorithm
Renewable energy in Renewable and
Renewables Ulpiani G. et al. [44] 2023 high GHG's emitting Social and Political analysis  Sustainable Energy
sectors in cities Reviews
Renewables Kedir N. et al. [45] 2023 Solar/PV Systems Fuzzy Hybrid Methods Energies
Consumption Icaza-Alvarez D. et al. [46] 2023 gz:-lfalf\tllon on the power Energy Plan tool Energy Reports
Flectrical load Explainable Electrical Load Sustainable Energy
Generation Moon J. et al. [47] 2022 P . Forecasting (XELF) Technologies and
orecasting
Methodology Assessments
- . Demand-Side Big data, Blockchain, IEEE Engineering
Transmission Said D. [45] 2022 Management Machine learning (ML), IoT ~ Management Review
. Convolutional Neural . L
Generation Heidari A. et al. [49] 2022 Zﬁiﬁ C;::zifogvnfgnind Network (CNN) Long ggclemahle Cities and
&Y & Short-Term Memory (LSTM) Y
. . Finite Time Terminal Wireless Communications
Generation Chang E.-C. et al. [50] 2022 PV tracking and control Attractor (FFTA) and Mobile Computing
.. . Smart Power Grids, . .
Transmission Liu Z. et al. [51] 2022 Power Systems Machine learning (ML) Energy Reports
. . International Journal of
Transmission Khosrojerdi E. et al. [52] 2022 Smart Grid Artificial Intelligence Energy Sector

Analytics (AIA)

Management




Energies 2024, 17, 353

19 of 32

Table 11. Cont.

Area of Application  Author(s) Year Category Method Source
Consumption Chavhan S. et al. [53] 2022 Energy-efficient Al-IoT System ACM Transactions on
transport Internet Technology
. Al-Hawawreh - . Deep Reinforcement
Consumption M. et al. [54] 2022 Smart decision making Learning (DRL) IEEE Sensors Journal
. . Clustering for Wireless Improved gray wolf
Consumption Singh S. et al. [55] 2022 Sensors Networks optimization (IGWO) Sensors
Consumption Huang J. et al. [56] 2022 Building energy forecast igrggcﬁl“;;goig%\n/}i (SVR, Applied Sciences
Consumption Mohamed H. et al. [57] 2022 Reduce energy TOPSIS fuzzy Electronics
consumption
Data management in Quantum-inspired IEEE Transactions on
Consumption Ren Y. et al. [58] 2022 ener Congum tion Reinforcement Learning Green Communications
8y p (QRL) and Networking
. Murthy Nimmagadda S. a1 o, Internet 2 f. Things (IoT), Multimedia Tools and
Consumption . 2022 Building smart cities Connectivity, Cloud S
and Harish K.S. [59] computing and AT Applications
Secured protocol with
Consumption Islam N. et al. [60] 2022 Data management collaborative learning for Sustainability
IoT using Al techniques
. Zamponi M.E. and Forecast energy . . .
Consumption Barbierato E. [61] 2022 consumption Different Al algorithms Smart Cities
. Transportation data Improved phase timing
Consumption Naveed Q.N. et al. [62] 2022 management optimization (IPTO) Sensors
Consumption Akkad M.Z. et al. [63] 2022 Energy consumption loT, Smart bins, Designs
and emissions multi-percentage sensors
. . Energy consumption Artificial Intelligence with . .
Consumption Garlik B. [64] 2022 reduction in buildings IoT Applied Sciences
. Smart home electricity Decision-making tool . .
Consumption Saba D. et al. [65] 2022 management (IRRHEM) Applied Sciences
Generic algorithm, particle
Consumption Zaimen K. et al. [66] 2022 Wireless Sensor swarm optimization, flower yppp 4 oo
Networks pollination, and ant colony
optimization
Consumption Serrano W. [67] 2022 Smart Buildings E:;gﬂgnztxgﬁiewnh deep f ;erzila gg;’f”tmg and
Renewables Li]J. etal. [68] 2022 Hydrogen p}‘oductlon Fuzzy Methods Sus'tamable Cities and
and conversion Society
Renewables Doosti R. et al. [69] 2022 Industrial Building CPLEX Solver IET Smart Cities
renewable energy
Renewables Vyas M. et al. [70] 2022 Urban Space Utilization iiveagf PV Trees on urban Renewable Energy
Hybrid renewable . s
Renewables AlHammadi A. etal. [71] 2022 systems for vehicle ﬁﬁ’gﬁ?ﬁ;ﬁ?maﬁ{:ﬁ)ﬁices Energies
charging P &Y
Renewables Balabel A. et al. [72] 2022 Solar energy in building Solatu‘?e technology Alexandria Engineering
sectors analysis Journal
Optimal configuration Particle Swarm Sustainable Energy
Renewables Nuvvula R.S.S. et al. [73] 2022 of PV and wind Optimization Technologies and
conversion system P Assessments
Renewables Ponce P. et al. [74] 2022 Solar/PV Systems Fuzzy TOPSIS Energies
Generation Konhéduser W. [75] 2021 Local energy generation ?ég(gll;cham Technology g;fiiiiz‘jﬁzz‘;l
Pérez-Romero Operation and
Generation 2021 Maintenance of PV Five Al-based models Applied Sciences

A.etal. [76]

plants
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Table 11. Cont.

Area of Application  Author(s) Year Category Method Source
. PV energy generation . . Wireless Communications
Generation Zhou H. et al. [77] 2021 forecasting Hybrid Deep Learning and Mobile Computing
Recent Advances in
Generation Saini G.S. et al. [78] 2021 Resource Management Fuzzy Logic Computer Science and
Communications
- Smart Grid Smart City Energy Demand Response
Transmission Antonopoulos L. et al. [79] 2021 (SGSC) project Modeling Energy and Al
e Decision making in IoT and Artificial L
Distribution Wang K. et al. [2] 2021 Smart Cities Intelligence Sustainability
L . Energy fraud detection o
Distribution Calamaro N. et al. [80] 2021 Energy losses detection algorithm Sustainability
. - Distributed Artificial Sustainable Cities and
Consumption Manman L. et al. [81] 2021 Energy efficiency Intelligence (DAI) Society
Consumption LiJ. etal. [82] 2021 Decision Support Internet of Things (IoT) Com'pute{’s and Industrial
Systems Engineering
Consumption Ghadami N. et al. [10] 2021 Forecast energy Artificial Neural Network Susfmnuble Cities and
consumption (ANN) Society
Consumption Cirella G.T. et al. [83] 2021 Smart Electricity Different Al algorithms Energies
Consumption Hu Y.-C. et al. [84] 2021 Energy decomposition Neuro-fuzzy classifier Processes
in smart meter
. International Journal of
Consumption Mahmood D. et al. [85] 2021 Energy Management }:])Desr?/’a[i? d Side Management Advanced and Applied
Sciences
Consumption Wang X. et al. [86] 2021 Energy consumption of Fuzzy Logic Journal of Intelligent and
ac-grid system Fuzzy Systems
Generation Kanase-Patil A.B. 2020 Power g.eneratlon in Different Al algorithms Env?ranmental Technology
et al. [87] Smart City Reviews
. Serban A.C. and Lytras Renewable Energy in . .
Generation M.D. [11] 2020 Smart Cities Different Al algorithms IEEE Access
Generation Jiang Y. et al. [88] 2020 Improvement of Urban ToT IEEE Access
Development
Transmission Cheng Y. et al. [89] 2020 Demand Forecasting Neural Network IET Smart Cities
.- Machine learning (ML),
Transmission Ullah Z. et al. [3] 2020 Energy Efflmency of Deep Reinforcement Comp uterA .
Smart Grids . Communications
Learning
A Smart grids, energy o R
Distribution Loose N. et al. [90] 2020 networks Unified energy agent Sustainability
Distributed Energy . s
Distribution Fattahi J. et al. [91] 2020 Financial Resources Management System g:csgmable Cities and
(DERMS) Y
International Journal of
Consumption Sharma S. [92] 2020 Infrastructure Smart Vs Intelligent Advqnced Research in
comparison Engineering and
Technology
Consumption Marinakis V. et al. [93] 2020 Energy consumption Novel framework with Sensors
reduction reward schemes
Consumption Ullah A. et al. [28] 2020 Energy' consumption Clustering based analysis Sensors
prediction
Consumption Shah A.S. et al. [94] 2020 Energy consumptionin g, algorithm, fuzzy logic IEEE Access
smart buildings
Consumption Azzaoui AE. etal. [12] 2020 Energy saving Blockchain and Al IEEE Access
Consumption Guo Y. et al. [95] 2020 Minimizing cost c.)f Ant colony optimization IEEE Access
energy consumption (ACO)
Consumption Zhuang H. et al. [96] 2020 Building energy ANN and Fuzzy Logic Environmental Modeling
management Controller and Software
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Area of Application  Author(s) Year Category Method Source
Biofuel Rankine Cycle
Renewables Algieri A. et. al. [97] 2020 combined with Multivariable optimization Energies
Renewable sources
Renewables Kumar D. [98] 2020 Urban energy system Simulation of hybrid urban Energy Exp loration and
renewable energy systems Exploitation
. . Geographic information International Journal of
Generation Aghajani D. et al. [99] 2019 Wmc.l Tqrbmes system and RETSCREEN Environmental Science
Monitoring
software and Technology
Enerev rationalization Al, Smart Metering (SM), International Journal of
Generation Oun A. et al. [100] 2019 of ; s%rZela 1(;;: ato Automated Decision Advanced Computer
P Making (ADM) Science and Applications
Structural Health ]rii:)a rl?iltliglrllgavr\?iln%a;;iir:e Expert Systems with
Consumption Salehi H. et al. [101] 2019 Monitoring Energy grition, pert oy
> probabilistic approach, and  Applications
Consumption . 3
machine learning
. Energy consumption Fairness cooperation IEEE Internet of Things
Consumption Dong Y. et al. [102] 2019 management algorithm (FCA) Journal
Consumption Krayem A. et al. [103] 2019 Energy. consumption Archetypal classification Energy and Buildings
prediction
Consumption Marin-Perez R. et al. [104] 2019 Energy consumption PLU.G -N-HARVEST Sensors
improvement architecture
. Vézquez-Canteli J.R. Energy saving and Advanced machine learning  Sustainable Cities and
Consumption et al. [30] 2019 demand response algorithms Society
. Aymen F. and . . e .
Consumption Mahmoudi’ C. [105] 2019 Electric Vehicles energy ~ Support vector classification  Energies
Renewables Khoury D. and 2019 Wind and Solar power Convolutional Neural WSEAS Transactions on
Keyrouz F. [106] forecasting Network (CNN) Power Systems
Consumption Alhussein M. et al. [107] 2019 Microgrid energy Deep learning model Energies
management
Consumption Risso C. [108] 2019 Energy demand control C.O mbinatorial optimization Revlstfz lfacultud de
dispatch models Ingenieria
Simple Multi Attribute Renewable and
. Njuguna Matheri Waste quantification for ~ Rating (SMART) of Multiple X
Generation 2018 . o2 . : Sustainable Energy
A.etal. [109] biofuel Criteria Decision Analysis Reviews
(MCDA)
Dicital Svstems Digital as a Service (DaaS),
Transmission Serrano W. [4] 2018 gital oy g IoT, Blockchain, Virtual Smart Cities
Transmission Networks .
Reality
Hybrid genetic algorithm
Consumption Chui K.T. et al. [110] 2018 Electricity consumption support vector machine Energies
kernel learning approach
(GA-SVM-MKL)
. Medium-long term Recurrent Neural Network .
Consumption Rahman A. et al. [27] 2018 energy predictions (RNN) Applied Energy
Multi-Objective
. . . Self-Adaptive Different
Renewables Ramli M. A M. et al. [27] 2018 Microgrid Systems Evolution (MOSaDE) Renewable Energy
algorithm
Technical and cost
Renewables Ashfa'q A and 2018 design to decarbonize Large Scale heat pump and Energy
Tanakiev A. [111] . thermal heat storage
the heating network
. Statistical methods used for
Generation Laiola E. and 2018 Wind characterization meteorological and Journal of Cleaner
Giungato P. [112] . Production
economic data
Renewables Oldebroek V. et al. [17] 2017 Fully Renewable An energy balance and cost  International Journal of

integrated transport

analysis

Hydrogen Energy
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Table 11. Cont.

Area of Application  Author(s) Year Category Method Source

Transmission Rekik M. et al. [113] 2016  Smart Grid E:“Ct 8;)1"“}’ Optimization g;‘;ﬁly”‘zble Cities and
Optimization of ener Artificial neural networks

Consumption De Paz J.F. et al. [114] 2016 P . 8y (ANN), multi-agent systems  Information Sciences
consumption and cost (MAS)
Energy inefficiencies Expert Systems with

Consumption Pefia M. et al. [115] 2016 detection in smart Data mining Applications
buildings. pp

Consumption Huang J. et al. [116] 2016 Energy consumption Decision tree, data mining [EEE Transactions on
of train Computers

. Sedziwy A. and Lighting system energy =~ Dynamic street lighting .
Consumption Kotulski L. [117] 2016 consumption control Energies
. Liitzenberger . i Distributed Artificial J ournt.zl of Ambient
Transmission M. et al. [118] 2015 Energy in Smart Cities Intelligence Laborator Intelligence and
’ ’ 8 y Humanized Computing
Consumption Ferndndez C. et al. [119] 2014 Energy consumption Automated vacuum waste Sustainabilit
p ’ ’ modeling collection (AVWCQC) y
. Solar irradiance . .

Consumption Yang D. et al. [16] 2013 forecasting Time-Forward kriging Renewable Energy
Forecasting of International Journal of

Generation Park C.J. et al. [120] 2013 & Spatio-Temporal correlation  Multimedia and

renewable energy Ubiquitous Engineering

4.1. Energy Generation

The Scopus search yielded a total of 46 articles as a result of the initial exploration.
After filtering the search to focus solely on articles with a primary emphasis on energy
generation, a total of 17 articles were identified that met all eligibility criteria and were
not duplicated in other sections. These 17 articles will form the basis of our analysis and
in-depth examination of the advancements and research trends related to energy generation
in the context of Al applications in Smart Cities.

For the renewable energy section, a total of 48 articles were obtained, but after filtering
these articles, choosing just the ones that were mostly related to renewable energy gener-
ation in Smart Cities, a total of 24 articles were obtained. These articles are added to the
energy generation section in order to have a more complete review.

Energy generation forecasting, particularly of alternative sources, emerged as one of
the main topics identified in this section. The selected articles delve into the application
of Al methodologies for predicting energy generation from renewable and sustainable
sources. This area of research is of significant importance in the context of Smart Cities, as
it contributes to enhancing the integration and utilization of alternative energy sources to
meet the growing energy demands sustainably. The analysis of these articles will provide
valuable insights into the advancements and challenges in accurately forecasting energy
generation from renewable sources, enabling better energy planning and management in
Smart City environments. In [31], the authors developed a method based on non-parametric
regression models that forecasts the demand and generation of energy with information
provided by smart meters. Another application for forecasting purposes can be reviewed
in [33], where a physics-informed Al is applied that forecasts wind power generation, with
information on a wind farm in China and ML methods. Reference [45] shows an extensive
review of Fuzzy Hybrid Methods, future possible challenges, and opportunities in this
sector. This study shows that combining fuzzy logic systems can enhance the efficiency
of solar energy applications, and the approach outlined in this research can be applied to
investigate various renewable energy sources.

Another application found was the Maximum PowerPoint Tracking of photovoltaic
panels, which is the point where solar PV panels produce the maximum energy possible,
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and the tracking of this point increases their energy efficiency; in [50], a Finite-Time Terminal
Attractor (FFTA) is combined with Gradient Particle Swarm Optimization (GPSO) to track
MPPT of a solar PV system. Another application in solar energy can be found in [10], in
which an Artificial Neural Network (ANN) is applied to create a decision-making tool
based on the generation and consumption of solar PV systems that can aid decision makers
in creating strategies towards energy generation; these strategies include reducing costs
and/or maximizing solar energy generation.

Hence, a trend that can be noticed is that Al has been applied for energy generation
forecasting and also to increase the energy efficiency from PV systems, which increases the
power generation. Al helps to manage large amounts of data to predict these forecasting
models and also manages generation data to track the MPPT for PV panels. In addition, Al
has been applied in decision-making tools that consider generation and consumption to
provide alternatives that can bring benefits in terms of economic and energy efficiency.

In addition, the study presented in [121] primarily concentrates on employing fuzzy
decision-making tools in supply chain management rather than tackling energy issues
directly. The paper mainly emphasizes developing and applying dynamic spherical fuzzy
aggregation operators (AOs) for multi-period decision making (MPDM) within supply
chain management. This concentration differs significantly from typical areas of interest
in energy-related studies in Smart Cities, which generally include energy generation,
distribution, consumption, efficiency, renewable sources, and sustainable energy practices.
Furthermore, the technical approach, involving mathematical models and algorithms for
decision making, is designed to manage uncertainty and imprecision in these processes.
Although these methodologies benefit their respective fields, they do not contribute directly
to advancing energy systems or technologies in Smart Cities, particularly those utilizing
Al in the energy sector. The case studies and examples provided in the paper focus on
supply chain management, an essential aspect of urban systems. However, they do not
cover critical elements of energy management in Smart Cities, such as energy generation,
conservation, or optimization strategies, often involving smart grids and the integration of
renewable energy.

The paper [122] shows a unique approach, focusing on and contributing to energy
management and sustainability. It searches the expansion of renewable energy, exploring
its applications and open research problems. It emphasizes the evolution, theoretical
underpinnings, and practical applications of various renewable energy sources, including
solar, wind, bioenergy, hydraulic energy, and waste-to-energy conversions. Conducting
an extensive literature review, it covers developments from 2010 to 2022 and proposes
innovative ideas and cost-effective models for implementing renewable energy across
different sectors.

In contrast, this review paper is oriented towards integrating Artificial Intelligence
(Al) in the energy sector within Smart Cities. It employs the PRISMA methodology and
the Scopus database to review the literature, systematically analyzing 122 peer-reviewed
articles. This review underscores the pivotal role of Al technologies in improving urban
energy processes across four key domains: generation, transmission, distribution, and
consumption. It identifies trends, high-impact articles, and emerging keyword clusters,
providing a comprehensive analytical framework on the multifaceted applications of Al in
the energy sectors of Smart Cities.

While the study in [122] is aimed primarily at researchers and practitioners in the
field of renewable energy, offering innovative solutions and pinpointing open areas for
future research, this review paper is geared towards policymakers, urban planners, and
researchers. It emphasizes the use of Al to achieve sustainable and efficient energy manage-
ment in Smart Cities. Although both articles contribute to the larger conversation on energy
management and sustainability, they have distinct focal points: [122] centers on the various
applications of renewable energy, while this review paper focuses on the transformative
impact of Al in managing energy resources in the context of Smart Cities.
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4.2. Energy Transmission

After conducting a thorough search using the method described above, a total of
31 articles were obtained for this section. The filters applied considered both energy and
transmission; however, it is worth noting that some of the results were centered on IoT
networks and data transmission (not energy transmission). To ensure precision, only
articles that focused on energy transmission in their abstract were considered, resulting in
a total of 10 relevant articles.

In [34], the authors elaborate on various concepts related to energy transmission lines
in Smart Cities, particularly with the introduction of smart grids. Smart grids are advanced
systems that integrate automation, data transmission, and energy monitoring at each
stage of the energy supply chain, from generation to final consumption. This integration
facilitates seamless communication and coordination between different components of the
energy transmission network within a Smart City. This paper emphasizes that concepts such
as the Internet of Things (IoT) and cloud computing play a vital role in enhancing energy
transmission. These technologies enable efficient data management, as they can handle
vast amounts of information exchanged between various energy transmission networks
within a Smart City. By leveraging IoT and cloud computing, smart grids optimize the
management and distribution of energy resources, contributing to the achievement of Smart
Cities’ objectives. The implementation of smart grids in energy transmission is pivotal for
effectively carrying energy from its source to the end-users consumption. The integration
of these advanced systems enables greater energy efficiency, sustainability, and alignment
with the goals of Smart City development. Smart grids integration is also mentioned
in [3,52,79], so there is a close connection between smart grids and energy transmission for
Al applications in Smart Cities.

In [89], it is stated that in order to have an appropriate electric transmission, an
anomaly detection system is required to avoid power losses. In this article, an Al method
called PowerNet, which is based on neural networks, is proposed to detect anomalies
for electricity theft detection in the smart grids, so the Al could make a contribution to
automatically detect these problems and report them. Even though the main contribution
of this article is regarding energy forecasting, the proposed Al method is explored in this
article, and its application for transmission is reviewed.

The work presented in [48] mentions several methodologies for the demand side
management (DSM) application in power grids, which is again mentioned for energy
transmission and the application of IOT, but also introduces the SM, which is a mixture
between software and hardware that helps to give real-time data, with valuable precision,
about the energy consumption, which can be useful for monitoring purposes and home
area networks (HANS), which are utilized to connect electric devices at home.

4.3. Energy Distribution

Using the methodology this time for Energy Distribution, a total of 21 relevant articles
were obtained. Among these, some discussed the heating load in buildings, some others
focused on electric vehicles, which briefly mentioned the Smart City concept. To narrow
down the selection of the articles, the criterion used was to include articles whose abstract
prominently features energy distribution as one of the main topics. Upon careful review,
it was found that only four papers either focused solely on energy distribution or made
significant contributions in this area. These selected articles will be subject to a thorough
examination to identify their key findings, contributions, and emerging trends in the
field of energy distribution within Smart Cities. Although the number of articles in this
category may be relatively small, their significance lies in the valuable insights they provide
regarding energy distribution strategies and advancements in the context of smart cities.

The work presented in [2] shows Artificial Neural Networks (ANNs) and machine
learning algorithms like Support Vector Machine (SVM) to train energy prediction models
that could contribute to obtaining the amount of energy consumption of buildings in Smart
Cities, helping distribution systems to be more efficient.
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From the literature review, in [90], a multi-agent-based simulation of the distribution
networks of a city in Germany reached the objective of the article of successfully simulating
the dynamic model of the city energy network, and this simulation was compared to
professional simulation tools, which had a relative error lower than 0.0000084%. Another
important approach to the application of Al in energy distribution is present in [80], which
explains the development of an algorithm to solve energy fraud detection to minimize
energy loss in the electricity grid. This algorithm used Convolutional Neural Networks
(CNNS5s) and Robotic Process Automation (RPA) to detect precise fraud identification in
electricity networks, the main objective of which was to separate electricity fraud from the
many other anomalies that could be presented in the network. The last article reviewed in
this section is the work presented in [91], which is considered an energy internet architecture
to reach an economic mechanism for clean energy management. This work is not completely
focused on an energy distribution approach, but the work could contribute to clean energy
integration, which is an important part of Smart Cities. Indeed, a noticeable trend can
be observed in the area of energy distribution. This trend revolves around three key
aspects: simulating distribution networks, detecting faults in distribution networks, and
predicting energy.

4.4. Energy Consumption

The search conducted for the base terms followed by energy consumption resulted
in a total of 103 articles. After the screening, 49 articles of this set fulfilled the eligibility
criteria, and said articles are listed in Table 11 under Consumption Area of Application.
Common topics among the reviewed articles were forecasting, data mining, economy,
energy management, user profiling, behavior modeling, electric vehicles, and computing.

A paper that alludes to forecasting found during this research is [35], which proposes
a smart meter time series from generation sources, the electric grid, and localized buildings
to attain a Digital Twin of the entire system with the added benefit of allowing geospatial
information to be fed to the twin. The results show that when geospatial data are not
available, a 7% overestimation of the grid level is performed during the summer days. A
different approach to forecasting the energy consumption of individual residential house-
holds is the one proposed in [89]; this case study presents a neural network architecture
named PowerNet, which can incorporate historical supply and demand, weather data, and
date information to forecast energy consumption. Some of the machine learning algorithms
used by PowerNet are Gradient Boosting Tree (GBT), Support Vector Regression (SVR),
Random Forest (RF), and Gated Recurrent Unit (GRU). Additionally, PowerNet can also
be used for anomaly detection in power systems. The use of Recurrent Neural Networks
is proposed in [27] to forecast the consumption of commercial and residential buildings
in medium- to long-term time horizons (greater than a week). The model proposed in
this article demonstrates the capability to predict unknown transient responses, making it
promising for forecasting hourly electricity consumption as well. In [74], the Fuzzy-TOPSIS
decision-making method is used to evaluate the selection of Mexican manufacturing compa-
nies for installing solar panels. Additionally, the S4 framework is implemented to improve
the decision-making process by Fuzzy-TOPSIS.

One of the articles that focuses on building energy management to minimize power
consumption is [67], This paper examines the application of deep learning structures.
Initially, sensory neurons are spread throughout the smart building, collecting data from
the environment. Subsequently, a reinforcement learning algorithm is employed to predict
values and trends, thereby aiding the building managers with the decision-making task.
The proposal called iBuilding is validated using a public research data set, demonstrating
that Artificial Intelligence within smart buildings allows the real-time monitoring and
accurate predictions of its variables.

Previously mentioned examples show a growing trend of the use of Al in the fore-
casting of the energy consumption sector due to the availability of more information on
weather conditions and domestic appliances’ energy consumption. It is possible to use the
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data gathered to train neural networks and models to have more precision. The historical
patterns can be studied.

4.5. Research Gaps

As detailed in this literature review, Al applications in the energy sector reveal the
current state of research and uncover several technological gaps that present opportunities
for future innovation. The role of Al in forecasting alternative sources like wind and solar
is well established in energy generation. However, a technological gap remains in the
accurate energy output prediction under varying environmental conditions. Additionally,
while Al has made strides in the operation and monitoring of these sources, there is
a need for more advanced Al systems that can dynamically adapt to changing energy
demands and integrate seamlessly with traditional energy grids. This gap is particularly
evident in the context of hybrid energy systems in Smart Cities, where a diverse array
of energy sources must be efficiently managed. In transmission and distribution, Al has
significantly contributed to smart grid management and energy loss detection. However, a
notable gap exists between the long-distance transmission efficiency and the integration
of distributed energy resources. Current Al models often struggle with the complexity of
large-scale, interconnected networks. There is a need for more sophisticated Al algorithms
capable of optimizing energy flow across massive and varied geographical areas. On
the consumption side, Al has been instrumental in reducing energy usage, forecasting
demand, and managing building energy systems. Yet, a technological gap is evident
in personalizing energy consumption strategies. Al systems that can learn and adapt
to individual user behaviors and preferences in real time are in progress. Such systems
could significantly enhance energy efficiency at the consumer level. While Al applications
in forecasting and EV charging are advancing in the renewable energy sector, there is
a gap in the comprehensive integration of various renewable sources. Research heavily
focuses on solar, wind, and hydrogen, but other sources like hydropower, geothermal,
and bio-energy are less explored. Al applications in these areas are not as developed,
indicating a gap in diversifying renewable energy sources within Smart Cities. In addition,
integrating Al systems is a cross-cutting technological gap across all these sectors. Figure 17
shows a brief description in this section. While Al is being applied in siloed aspects of the
energy sector, there is a lack of holistic, interconnected Al frameworks that can manage the
energy life-cycle from generation to consumption in a unified manner. Such integration
is crucial for the development of truly smart, efficient cities. Finally, while Al has made
significant inroads in the energy sector, our review highlights several technological gaps.
Addressing these gaps requires focused research and development efforts, aiming for more
sophisticated, adaptable, and integrated Al solutions that can meet the complex demands
of modern energy systems, particularly in the context of Smart Cities.
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5. Conclusions

This paper contributes to understanding the integration and application of Artificial In-
telligence (Al) within the energy sector, especially in Smart Cities. The study systematically
delineates the existing literature into four key domains, energy generation, transmission,
distribution, and consumption, meticulously reviewing a compendium of 122 articles
sourced from Scopus. A salient feature of this paper is its temporal analysis, revealing an
exponential surge in publication growth over the years. In energy generation alone, publi-
cations have increased from a single article in 2016 to 45 in 2023, representing a staggering
annual growth rate of 42.62 percent. Comparable ascendant trajectories are discerned in
other domains, such as energy transmission and distribution. Furthermore, the paper sheds
light on renewable energy, focusing on the integration of solar and wind energy in Smart
Cities, outlined in the Energy Generation section. A crucial aspect of this research lies in
keyword co-occurrence analysis, enabling the identification of predominant AI techniques
in current practice. Concepts such as artificial intelligence, economics, energy efficiency,
data analytics, renewable energy, and deep learning have emerged as integral to the for-
mulation of intelligent energy solutions. This comprehensive analysis provides a robust
framework for deciphering the multifarious Al techniques and their application. From
machine learning algorithms, such as Ant Colony Optimization and neural networks, to the
nascent trends in smart grids, these innovations are pivotal in spearheading advancements
in energy forecasting, consumption prediction, and intelligent control systems. The aim of
this paper is to present a profound and up-to-the-minute overview of the influential role
of Al in the energy sector of Smart Cities. It meticulously tracks the evolution and impact
of research in this field and pinpoints the foremost technologies and methodologies ex-
pected to shape forthcoming innovations. This paper serves as a repository of information
on current trends and a compass pointing toward the future trajectories in Al-mediated
intelligent energy solutions within the progressive ecosystems of Smart Cities.
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Abbreviations

The following abbreviations are used in this manuscript:

Al Artificial Intelligence

ACO Ant Colony Optimization
ADM Automatic Decision Making
AIA Artificial Intelligence Analytics

AIMS-SB  Artificial Intelligence Technique for Monitoring Systems in Smart Buildings
ANN Artificial Neural Network

AVWC Automated Vacuum Waste Collection

BCT Blockchain Technology

BiKSTM  Bidirectional Long Short-Term Memory

CNN Convolutional Neural Network
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DaaS Device as a Service

DAI Distributed Artificial Intelligence
DCESN Deep-Chain Echo State Network

DCNN Dilated Convolutional Neural Network
DERMS  Distributed Energy Management System

DNN Deep Neural Network

DRL Deep Reinforcement Learning

DSM Demand Side Management

FCA Fairness Cooperation Algorithm

FFTA Finite-Time Terminal Attractor

GA Genetic Algorithm

GHG Greenhouse gas

GPSO Gradient Particle Swarm Optimization
IGWO Improved Gray Wolf Optimization
10T Internet of Things

IPTO Improved Phase Timing Optimization
LSTM Long Short-Term Memory

MAS Multi Agent Systems

MCDA Multiple Criteria Decision Analysis
MKL Machine Kernel Learning

ML Machine Learning

MPPT Maximum Power Point Tracking

PV Photovoltaic

QRL Quantum-Inspired Reinforcement Learning
RNN Recurrent Neural Network

SAE Stacked Autoencoder

SM Smart Metering

SMART Simple Multi-Attribute Rating

SVM Support Vector Machine

XELF Explainable Electrical Load Forecasting
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