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Abstract - There is a dramatic transformation occurring
across the world. Efforts to decarbonize the energy sector
are leading to an increasingly decentralized energy system.
Power, heating, transport, building and industry sectors are
progressively more interconnected. In addition, new
business models and innovative technological solutions are
driving change in the power industry. The new system being
unfolded requires a much higher level of flexibility and
coordination. The increased complexities can only be
mitigated by actively managing the energy supply chain. In
this context, artificial intelligence (AI) has the potential to
play a key role in numerous areas such as demand
forecasting, predictive maintenance, energy management
and customer support. Among digital technologies, AI is the
one with the highest adoption rate in the power sector.
Considering the growing importance of AI, the paper
analyses the current status and future prospects of the
technology in the power industry. It also explores different
issues and barriers to its wider adoption. The review of
possible applications is conducted by analysing academic
literature and by observing numerous companies around
the world that are developing and implementing AI
solutions on the grid’s edge.
Keywords – artificial intelligence; energy transition;
power sector; digitalization; grid edge

I.

INTRODUCTION

Digital transformation is rapidly changing the world
around us, while various digital technologies have a
profound effect on our everyday lives [1]. As global
business landscapes are being remodelled, the energy
sector is no exception [2]. After the dissolution of
vertically integrated power companies, we are witnessing
a new wave of dramatic change. Caused by pressing
environmental concerns and facilitated by favourable
governmental policies, there is a surge of renewable
energy sources (RES) [3]. The implementation of RES is
aimed at decarbonizing the energy supply chain’s carbon
footprint [4]. Fossil fuels’ phase-out is still far from
completion, yet the increased share of decentralised,
renewable energy is causing an increased strain on the
grid [5]. The energy sector is a behemoth that consist of
countless elements. All these components are required to
operate in real-time and provide a reliable source of
energy at all times. As the centralised flow of energy is
disrupted, the traditional complexities of the system
become even greater [6].
Bidirectional power flows facilitated by the emergence
of prosumers and the intermittent nature of variable RES
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emphasise the need for innovative solutions in forecasting
and managing the energy system [7]. In this context,
digitally-enabled technologies will prove to be crucial in
enabling the energy transition. The increased use of
electric vehicles (EVs), distributed sources, smart
appliances and battery systems requires a management
system that is able to correctly predict short-term
variations in production and demand, and that is able to
provide optimisation in real-time [8].
The intricacies that are bound to surface during the
process of maintaining the supply-demand balance of the
power system will require the utilisation of specialised,
automated algorithms. The success rate of such
algorithms strongly depends on the quality of data [9].
This is why the recent rise of big data and
supercomputing is proving crucial in facilitating the
development and implementation of Artificial
Intelligence (AI)[10]. Despite the fact that the energy
sector is less agile than others, AI-aided applications are
already a part of the system. Artificial neural networks
(ANNs), nature inspired intelligence, multi-agent systems
and reinforcement learning (RL) are all being tested in
areas such as demand/production forecasting and system
management [11].
In recent years, there has been a surge of research and
technical papers regarding the topic of AI application in
the power sector [12]. Most papers focus on various
techniques of power flow optimisation [13]. Within this
subfield, there is a considerable amount of research
regarding demand response (DR)[14]. DR is a technique
that facilitates matching supply and demand in a more
efficient way by incentivising consumers to adapt their
demand in line with the conditions in the system. Another
interesting subtopic regarding system optimisation deals
with virtual power plants (VPPs). VPP integrates multiple
energy sources so they can act as a single entity on the
market [15]. By doing so, generators can provide a more
stable source of supply and are able to reduce their
operational risks.
Among emerging digital technologies (such as
Blockchain, Big Data, Internet of Things and Cloud
Computing), Artificial Intelligence (AI) is the one with
the highest adoption rate in the power sector [16].
Research in AI has been blooming for years and has
resulted in the development of numerous algorithms that
are showing great promise in a number of applications
regarding power system optimization, maintenance and
customer support [17]. AI can aid utilities in providing
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affordable and reliable energy to end consumers. It can
improve efficiency and security of the energy system. As
it will be discussed in the following paragraphs, AI will
be a crucial factor in facilitating the energy transition
[18].
Considering the growing importance of AI, our paper
aims to determine (1) a broad framework of the possible
areas of AI application and (2) key enablers of a wider
adoption of AI solutions in the power sector. After the
introduction segment, section 2 analyses AI applications
in the power sector. Section 3 explores key enablers of AI
deployment, which is followed by a final conclusion.
II.

AI APPLICATIONS IN THE POWER SECTOR

There are multiple ways in which AI applications in
the power sector can be categorized. Looking at their
overall reach, AI-aided solutions in the power sector can
be divided into four layers. The lowest layer would entail
consumers (prosumers) and their smart infrastructure.
This would include components such as smart home
devices, home energy management systems (HEMs) and
smart meters. The lowest layer would also include home
power generation units (such as solar panels) and battery
storage. The second layer would entail the distribution
level of the supply chain. It would actively manage
consumers, prosumers, distributed generation and power
flows of a microgrid. Infrastructurally, the second layer
would primarily consist of distributed energy sources
(DERs) and transformer stations. The third layer would
be placed above the first two. Its task would be to ensure
a constant balance of supply and demand looking at a
regional and/or national level. The third layer would
actively manage the power flows of the transmission grid
and large generation units. There are four frequent AI
methods applied in the power sector [14]: artificial neural
network (ANN), machine learning (ML), multi-agent
systems and nature inspired intelligence.
After an in-depth analysis of AI applications, three key
areas of focus are identified as having the most potential
when it comes to efficient and swift implementation of AI
in the power sector: (1) forecasting, (2) optimization and
(3) services.

A. Forecasting
The term forecasting in the energy system generally
refers to two separate areas: production and demand. AIbased demand forecasts have been a popular topic for
years, whether predicting long-term [19] or near-term
consumption [20]. Traditional energy system is generally
based on the production of thermal power plants [21].
These units have the ability to produce a stable and
predictable amount of energy during each hour of the day
and present a cornerstone for the reliable supply of
consumers. However, renewable energy sources based on
wind and solar energy cannot produce an equal amount of
energy in any given period as their output heavily relies
on weather conditions. If in a given moment they start
producing less than anticipated, the system needs to
engage other producers to maintain supply.
Uncertainties as a consequence of the variability of
RES production significantly increase cost [22]. In order
to have a reliable system that can support a large
percentage of variable renewables’ production, we need
to have several other, backup generators that are able to
swiftly engage to fill the potential voids in production.
These generators would have to be either hydro or
thermal power plants and would very likely be heavily
underutilized. The question is who would build units
whose construction is highly capital-intensive only to
produce energy for a very limited amount of time during
the course of a year? Without policy regulation, these
units would not be feasible. The second solution to the
variable RES issue is the implementation of battery
systems and the development of tools that are able to
forecast the supply-demand curve and then adjust the
components of the system in order to optimally respond
to the conditions encountered [23].
Installing sensors at wind or solar units and integrating
this data with a weather forecasting platform would prove
beneficial to the accuracy of predicting RES production
[24]. There are several studies that prove that the
application of AI can improve generation forecasts by up
to 30% [25]. Wind farm production is commonly
analysed by ANN [26] and ML [27] methods.
Photovoltaic power production is a heavily researched

Figure 1 Overview of AI applications in the power sector
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topic with multiple approaches used in the process [28].
B. Optimisation
In this context, optimisation refers to a process of
harnessing the combined power of big data and AI in
electricity system management [29]. At the heart of future
energy provision will likely be a platform that uses data
acquired from generation units, weather forecasting
systems, IoT devices, electric vehicles and consumers to
optimize the operation of countless components of the
energy supply chain [30]. This process would have to be
highly automated and would occur in real-time. It would
involve accurately predicting production potential and
energy consumption during medium and short-term
periods. These predictions would then be inserted in the
framework of technical constrictions.
Unfortunately, as already mentioned, despite its
importance, the energy sector in general is lagging behind
a number of other industries in taking advantage of
computing advances. Fully digitalising energy asset
management systems is an arduous task due to several
reasons. First off, energy is a commodity crucial for the
functioning of our entire society. It needs to be highly
reliable, but also affordable. This is why the energy sector
is highly regulated. The regulated returns for transmission
and distribution operators and strict policies regarding
their investment and R&D budgets significantly reduce
possibilities for implementing new innovative solutions
[31]. Until the business culture in the companies of the
energy sector does not evolve, there will not be any
significant leaps in progress. Second crucial obstacle is
the complexity of the energy supply chain itself. The
energy system is a complicated behemoth containing
countless components which all need to work in perfect
harmony. Developing a digital platform is difficult, but
constructing one that can operate such a colossal system
is taking the task to another level. There are several
studies that deal with potential savings through the
application of AI and advanced analytics. McKinsey
outlines a cost reduction potential of 10% for medium

voltage grids, 15% for high voltage grids and up to 20%
for substations [32].
Another application of AI would be in creating digital
twins (DTs). DT could be defined as a virtual
representation of both physical elements and dynamics of
a certain component [33]. By utilizing the power of data,
AI and DTs, companies can predict and optimize the
performance of their assets. So how would a wind farm
DT function? Typically, the creation of a digital twin is
initiated by using 3D software. After the initial model of
a single turbine is built, simulations are conducted
detailing how do components of the turbine respond to
different operating conditions. Numerous sensors are
installed on each turbine which measure real-time data
such as temperature, rotation angle, torque, vibration, etc.
Altogether, there are over 150 sensors gathering data on a
single turbine. This information is then used to measure
how the wind farm’s fleet responds to actual conditions.
The feedback gained enables optimizing the fleet’s
operation, determining maintenance schedules and fault
probabilities, but it also helps in developing new wind
farms. In this sense, it might be said that DTs help form a
learning platform. According to GE, the implementation
of the digital twin concept paired with AI can result in
boosting a wind farm’s generation by up to 20% [34].
C. Services
Perhaps the easiest way to apply AI in the energy
sector is through the transformation of the customer
experience. For starters, AI-aided chatbots and virtual
assistants can be taught to help customers with simple
service inquiries and questions [35]. An interesting study
by Servion Global Solutions predicted that by 2025, 95%
of customer interactions will be powered by AI [36]. This
also implies the great importance of data and includes
sophisticated methods for data collection, storage and
security. Businesses will have to adapt to this new reality
or they risk becoming irrelevant. At present, a number of
such systems are in place and aren’t able to be completely
effective. However, with more interactions, the system

Figure 2 Frequency and voltage control schematic
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will get smarter and, in the meantime, it will alleviate the
burden on service representatives allowing them to focus
on more difficult issues.
Companies in the software sector and tech, media and
telecom (TMT) firms realised the importance of focusing
on two crucial fronts. First, taking a service-orientated
approach [37], and second, adopting an open innovation
business model [38]. Power companies are still focused
on providing a commodity, not a service. AI-based
approaches have a proven track record in alleviating the
burden of customer support and contributing to a
premium service. At present, most research papers in this
context focuses on analysing the potential of active
consumer participation in the smart energy market [39].
Incorporating AI in customer support programmes
will be the first step towards the creation of a value cocreation ecosystem through which power companies will
actively interact with consumers and other stakeholders.
The key will be in opening the system and enabling the
emergence of new contributors that will help create added
value for consumers. The key to a successful ecosystem
is not simply increasing system’s efficiency, but creating
additional value by actively managing participators’
expectations.
III.

KEY ENABLERS OF AI DEPLOYMENT

It is important to note that AI is not dependant on
technical adoption, as it is to business acceptance. As
some business sectors are more agile than others, early AI
adoption rate is highly uneven. Technology, media, and
telecom (TMT) sector and financial services are
industries with the highest AI adoption rate. According to
a recent survey by McKinsey [40], 57% correspondents
in organisations from emerging economies reported to
have adopted at least one form of AI-aided function.
Service operations are the most commonly adopted AI
use case in business sectors worldwide, but product
development and marketing are following suit.
Companies that adopted AI-based approaches also
reported noticeable cost reductions paired with revenue
increases.
Due to the importance of reliable energy supply and
the complexities of the power system, the energy sector is
highly regulated. Constricting regulation paired with
security constraints complicate the implementation of
new solutions. In general, the adoption of AI is closely
tied to several problem areas. According to [41], AI
implementation challenges can be divided into economic,
ethical, social, technological, data, political, legal, policy
and organisational issues. AI application in the energy
sector holds a somewhat different set of challenges.
Observing available literature, we identified four main
issues that need to be resolved to enable a wide adoption
of AI in the power sector. Installing advanced monitoring
and control equipment is the first step towards facilitating
a concise flow of data. Data is crucial for AI-based
systems to make informed decisions on how to optimise
the operation of the system or when to perform regular
maintenance activities [42]. The adaptation properties of
the AI system to execute desired complicated functions
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does not require complex analysis and reduces the need
for dealing with details due to generalisation properties
embedded in AI machines. At the same time, AI enables
faster decision-making regarding automation in complex
environments. After building the necessary infrastructure,
raising security levels and adjusting the regulatory
framework are additional prerequisites for successful
deployment of AI. Another important is a coherent
training/educational system that would ensure producing
a digitally capable workforce.

Figure 3 Enablers of AI deployment

A. Data
The power system is a complex structure.
Consequently, it requires the application of complex
algorithms and equipment to operate with success. One of
the main challenges is the process of creating large
datasets that can be used as input for AI-aided models.
Detailed data is a crucial enabler of AI. At present, there
is no sufficient flow of data from the components of the
system that would enable AI-aided modules. In recent
years, there is a surge of new Internet of things (IOT)
devices [43]. However, these devices are usually only
applicable in households and buildings. Optimising the
operation of a power system would require the
implementation of advanced metering infrastructure
(AMI)[44]. The challenge of creating data is, therefore,
also an infrastructural issue, since it requires the
implementation of advanced equipment able to monitor
and manage the energy supply chain. Apart from creating
a stream of information, there are two additional datarelated challenges. First is related to correctly identifying
which data should be used by AI algorithms. Second,
regards the availability of consumer data. Collecting
information about hourly consumption, device usage or
EV charging patters might raise considerable privacy
concerns in end users [45]. All these imply AI-focused
professional trainings of employees and periodic testing
of the decision-making procedures where AI support is
included. The reason for this lies in the rigid decision
boundaries inherited in AI systems’ components that
people are not usually familiar with.
B. Technological maturity
Processing huge amounts of data inevitably requires
having plenty of computing power. In addition, decisions
regarding the operation of the energy supply chain need
to take place in real time [46]. Machine learning and
Deep learning techniques demand an increasing number
of GPUs to operate. In recent years there is a significant
expansion of computing power. Apart from the
computing power itself, another important issue is the
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cost of such a system. Supercomputing that is able to
process unprecedented amount of data is costly.
C. Cybersecurity
A key prerequisite for enabling AI is the availability of
data. Countless new smart devices that generate data will
have to be connected to the grid. As the flow of data
increases, so do the associated security risks. A smart grid
of the future is composed of many components such as
smart home energy systems, smart appliances, AMI,
storage systems and e-mobility infrastructure providing
numerous entry points for malicious attacks. Attacks on
power grids have increased in recent years, and a number
of them were successfully performed. Malicious threats
to the power system can be categorised according to their
goals in three types: data integrity, information privacy
and network availability [47]. Applying AI-based
architecture such as the artificial neural network proved
to be beneficial in offsetting vulnerabilities of the power
system (ANN) [48].
D. Regulation
Regulatory compliance is certainly among the top
barriers to a wider adoption of AI [49]. The concerns
regarding this issue are twofold. Policy makers will need
to find common ground between ensuring affordable and
reliable energy supply, managing security issues and
supporting the integration of AI-aided algorithms and
models. Standardising protocols and ensuring AI
explainability will be crucial during this process.
E. Workforce
Digitally enabled workforce is a crucial segment of the
digital
transformation
[50].
Creating
an
educational/training system that ensures reskilling
employees to manage and operate energy system assets
avoids job losses, creates new jobs and ensures the
optimal operation of AI-aided systems.
IV.

CONCLUSION

Traditionally, the energy system was characterized by
a centralized flow from large producers, through
transmission and distribution systems to end consumers.
With the implementation of renewable, distributed energy
sources, this flow is being disrupted. Consumers are
starting to produce their own electricity and demand is
increasingly satisfied by local generation. This
occurrence has multiple effects on the system. On one
hand, it reduces the need for long range transmission,
improves efficiency and can help even the demand curve
flattening out peaks. On the other hand, the emergence of
prosumers and distributed sources significantly
complicates flows on the distribution level. Prosumers
will likely both consume energy taking it from the grid
and produce energy injecting it into the system. When
electric vehicles, battery systems and smart appliances
are added into the equation, the delicate balance of supply
and demand becomes even more difficult to handle. In
order to optimally manage the operation of countless
components, both producing and consuming energy in
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real time, the introduction of automated processes is
needed.
This is where new technological solutions such as
artificial intelligence, blockchain, big data, internet of
things, cloud computing, etc. step in. The most important
features of AI systems, among others, include selfadaptability, generalisation, complex decision-making,
predictable or constant execution time, operation in a
changing environment and associative computing.
Regardless of that, human supervision and assistance is
unavoidable, i.e. human monitoring and assistance in the
process or human involvement at least in the selected key
points. The main reasons for human supervision are fixed
decision boundaries that AI systems create through the
learning process which do not necessarily encompass real
state, the delay due to re-learning process which is
necessary to be executed when significant change in the
environment appear, and unavoidable network security
problems.
REFERENCES
[1] G. Vial, “Understanding digital transformation: A review and a
research agenda,” The Journal of Strategic Information Systems
28(2), 118-144, 2019.
[2] E. Bompard, A. Botterud, S. Corgnatia, T. Huanga, M., Jafaric, P.
Leone, S. Mauro, G, Montesano, C. Papa, F. Profumo, “An
electricity triangle for energy transition: Application to Italy,”
Applied Energy 227, 115525, 2021.
[3] A. Višković, V. Franki, A. Bašić-Šiško, “City level transition to
low-carbon economy,” Energies, Special Issue: Successful
Deployment of Renewable Energies 2022.
[4] A. Višković, V. Franki, “Evaluating and forecasting direct carbon
emissions of electricity production: A case study for South East
Europe,” Energy Sources, Part B: Economics, Planning, and
Policy 2022. https://doi.org/10.1080/15567249.2022.2037028
[5] P. Asantewaa Owusu, S. Asumadu-Sarkodie, S. Dubey, “A
review of renewable energy sources, sustainability issues and
climate change mitigation,” Cogent Engineering, 3:1, 2016.
[6] V. Franki, A. Višković, “Multi-criteria decision support: A case
study of Southeast Europe power systems,” Utilities policy 73,
101286, 2021.
[7] A. Višković, V. Franki, A. Damiano., “Integrated Strategic
Action for Facilitating the Electrification Process,” 2021 44th
International Convention on Information, Communication and
Electronic Technology, MIPRO 2021 - Proceedings 2021, 551557, 2021.
[8] S.K. Rathor, D. Saxena, “Energy management system for smart
grid: An overview and key issues,” International Journal of
Energy Research 44(6), 2020.
[9] P. Bangert, (ed.), “Machine Learning and Data Science in the
Power Generation Industry – Best Practices, Tools, and Case
Studies,” Elsevier, 2021.
[10] Y. Duan, J.S. Edwards, Y.K. Dwivedi, “Artificial intelligence for
decision making in the era of Big Data – evolution, challenges
and research agenda,” International Journal of Information
Management 48, 63-71, 2019.
[11] C. Ramos, C., Liu, “AI in Power Systems and Energy Markets,”
IEEE Intelligent Systems 26, 5–8, 2011.
[12] S. Zhao, F. Blaabjerg and H. Wang, "An Overview of Artificial
Intelligence Applications for Power Electronics," IEEE
Transactions on Power Electronics, vol. 36(4), 4633-4658, 2021.

557

[13] A. Kumbhar, P.G. Dhawale, S. Kumbhar, U. Patil, P. Magdum,
“A comprehensive review: Machine learning and its application
in integrated power system,” Energy Reports 7, 5467-5474, 2021.

International Convention on Information, Communication and
Electronic Technology, MIPRO 2021 - Proceedings 2021, 425–
430, 2021.

[14] I. Antonopoulos, et al., “Artificial intelligence and machine
learning approaches to energy demand-side response: A
systematic review,” Renewable and Sustainable Energy Reviews
130, 109899, 2020.

[32] McKinsey, “The Digital Utility: New challenges, capabilities,
and opportunities,” McKinsey 2018.

[15] E.A. Bhuiyan, M.Z, Hossain, S.M., Muyeen, S.R., Fahim, S.K.,
Sarker, S.K., Das, “Towards next generation virtual power plant:
Technology review and frameworks,” Renewable and
Sustainable Energy Reviews 150, 111358, 2021.

[33] A. Fuller, Z. Fan, C. Day and C. Barlow, "Digital Twin: Enabling
Technologies, Challenges and Open Research," IEEE Access 8,
108952-108971, 2020.
[34] GE Power, “GE’s digital energy software solutions. End-to-end,
integrated and interoperable”, GE Power 2018.

[16] McKinsey, “Notes from the AI frontier: AI adoption advances,
but foundational barriers remain,” McKinsey 2018.

[35] A. Caric, M. Vukovic and D. Jevtic, "e-Consultation: Automatic
system for online consultations," 2015 13th International
Conference on Telecommunications (ConTEL), 1-8, 2015.

[17] T. Wu, J. Wang, “Artificial intelligence for operation and control:
The case of microgrids,” The Electricity Journal 34, 106890,
2021.

[36] Servion Global Soutions, Artificial intelligence report, SGC 2017.

[18] T. Ahmad, et al., “Energetics Systems and artificial intelligence:
Applications of industry 4.0,” Energy Reports 8, 334-361, 2022.
[19] B. Akdemir, N. Çetinkaya, “Long-term load forecasting based on
adaptive neural fuzzy inference system using real energy data,”
Energy Procedia 14, 794-799, 2012.
[20] I. Yazici, O.F. Beyca, D. Delen, “Deep-learning-based short-term
electricity load forecasting: A real case application,” Engineering
Applications of Artificial Intelligence 109, 104645, 2022
[21] V. Franki, A. Višković, A. Šapić, A. “Carbon capture and storage
retrofit: Case study for Croatia. Energy sources, Part A:
Utilization and Environmental Effects 43(24),” 3238-3250, 2021.
[22] P. Moriarty, D. Honnery, “Can renewable energy power the
future?” Energy Policy 93, 3–7, 2016.
[23] B. Wu, W. Dhammika Widanage, S. Yang, X. Liu, “Battery
digital twins: Perspectives on the fusion of models, data and
artificial intelligence for smart battery management systems,”
Energy and AI 1, 100016, 2020.
[24] P. Boza, T. Evgeniou, “Artificial intelligence to support the
integration of variable renewable energy sources to the power
system,” Applied Energy 290, 116754, 2021.
[25] IBM, “Machine learning helps IBM boost accuracy of U.S.
Department of Energy solar forecasts by up to 30 percent,” IBM
2015.
[26] C.-D. Dumitru, A. Gligor, “Daily Average Wind Energy
Forecasting Using Artificial Neural Networks,” Procedia
Engineering 181, 829-836, 2017.
[27] K.L. Jørgensen, H.L., Shaker, “Wind Power Forecasting Using
Machine Learning: State of the Art, Trends and Challenges,”
2020 IEEE 8th International Conference on Smart Energy Grid
Engineering (SEGE), 44-50, 2020.
[28] Kuzlu, M., Cali, U., Sharma, V., Güler, Ö., 2020. Gaining Insight
Into Solar Photovoltaic Power Generation Forecasting Utilizing
Explainable Artificial Intelligence Tools. IEEE Access 8,
187814-187823
[29] International Renewable Energy Agency (IRENA), “Artificial
intelligence and Big Data: Innovation landscape brief,” IRENA
2019.
[30] A. Višković, D. Šimunić, V. Franki, “Innovation platfirm - A
novel energy service utility,” 2020 43rd International Convention
on Information, Communication and Electronic Technology,
MIPRO 2020 - Proceedings 2020, 425–430, 2020.
[31] A. Višković, V. Franki, “Value co-creation through a digital
platform business model in the power sector,” 2021 44th

558

[37] B. Libai, Y. Bart, S. Gensler, C.F. Hofacker, A. Kaplan, K.,
Kötterheinrich, E.B., Kroll, “Brave New World? On AI and the
Management of Customer Relationships,” Journal of Interactive
Marketing 51, 44-56, 2020.
[38] M. Greco, G. Locatelli, S. Lisi, “Open innovation in the power &
energy sector: Bringing together government policies,
companies’ interests, and academic essence,” Energy Policy 104,
316-324, 2017.
[39] G. Schweiger, “Active consumer participation in smart energy
systems,” Energy and Buildings 227, 110359, 2020.
[40] McKinsey, “The state of AI in 2021,” McKinsey 2021.
[41] J.K. Dwivedi, et al., “Artificial Intelligence (AI):
Multidisciplinary perspectives on emerging challenges,
opportunities, and agenda for research, practice and policy,”
International Journal of Information Management 57, 101994,
2021.
[42] Y. Roh, G. Heo and S. E. Whang, “A Survey on Data Collection
for Machine Learning: A Big Data - AI Integration Perspective,”
IEEE Transactions on Knowledge and Data Engineering 33(4),
1328-1347, 2021.
[43] T. Sanislav, G. D. Mois, S. Zeadally and S. C. Folea, “Energy
Harvesting Techniques for Internet of Things (IoT),” IEEE
Access 9, 39530-39549, 2021.
[44] A.F.A. Aziz, S.N. Khalid, M.W. Mustafa, H. Shareef, G. Aliyu,
“Artificial Intelligent Meter development based on Advanced
Metering Infrastructure technology,” Renewable and Sustainable
Energy Reviews 27, 191-197, 2013.
[45] R. Rodrigues, “Legal and human rights issues of AI: Gaps,
challenges and vulnerabilities,” Journal of Responsible
Technology 4, 100005, 2020.
[46] T. Ahmad, et al., “Artificial intelligence in sustainable energy
industry: Status Quo, challenges and opportunities,” Journal of
Cleaner Production 289, 125834, 2021
[47] Z. Lu, X. Lu, W. Wang, C. Wang, “Review and Evaluation of
Security Threats on the Communication Networks in the Smart
Grid,” Proceedings of the IEEE Military Communication
Conference, San Jose, CA, USA, 31 October–3 November 2010.
[48] D. Dogaru, I. Dumitrache, “Cyber Security of Smart Grids in the
Context of Big Data and Machine Learning,” Proceedings of the
International Conference on Control Systems and Computer
Science (CSCS), Bucharest, Romania, 28–30 May 2019
[49] R. Clarke, “Regulatory alternatives for AI,” Computer Law &
Security Review 35(4), 398-409, 2019.
[50] L. Alekseeva, et al., “The demand for AI skills in the labor
market,” Labour Economics 71, 102002, 2021.

MIPRO 2022/CTI

