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Abstract. Smart grids (SGs) revolutionize existing power grids by using a wide
range of developing disruptive technologies to generate clean, efficient, and
predictable energy. Our study uses an action research method and focuses solely
on the first two stages of the action research process, diagnosis and action
planning, to evaluate ways to adopt artificial intelligence (Al) applications in SGs
for predictive analytics in practice. The diagnosis stage of the study entails
conducting a systematic literature review on Al applications in SGs, highlighting
four areas of potential for predictive analytics: power outage prediction, demand
response, control and coordination, and Al-enabled security to optimize decision-
making, diagnose faults, and improve grid stability and security. The action
planning step included a document analysis to devise methods to enable the
practical implementation of Al in smart grids for predictive analytics. Finally, we
address practical ways for implementing transparent Al for predictive analytics,
followed by a conclusion and future research direction. The study’s key
conclusion is that more research is needed to complete the action taking
(implementing the solution), evaluation (assessing the results), and learning
(reflecting on lessons learned) phases of the action research cycle.

Keywords: Smart Grids, Artificial Intelligence, Predictive Analytics, Al
Techniques, Smart Grids Stability, Al Interpretability.

1 Introduction

Smart grids (SGs) represent a significant departure from traditional, fixed grid infrastructure,
transforming the energy system by integrating various advanced technologies. Integrating
advanced technologies in SGs enhances stability, reliability, resilience, sustainability, and
efficiency across the entire electricity value chain, from electricity generation to consumption [1]-
[5]. Notably, SGs facilitate the integration of intermittent renewable energy sources, thereby
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reducing pollution [6] and enabling bidirectional energy flow, empowering consumers to buy and
sell energy [7]. However, operating these complex systems reliably presents challenges, including
the inherent variability of weather-dependent energy sources and persistent security, stability, and
reliability concerns. Consequently, there is growing interest in predictive analytics techniques,
such as fault-tree analysis and Markov modeling [8], now further enhanced by the application of
new artificial intelligence (Al) techniques [5].

Al has recently gained global prominence and is recognized for its innovative and
transformative potential with applications across various sectors [7], [9]. The electric power sector
has undergone a significant transformation driven by advanced technologies, and the advancement
of Al has the potential to revolutionize electricity production, distribution, and consumption [1],
[2], [4], [10]-[12]. Also, Al can modernize traditional electric power grids, initially controlled by
electromechanical systems, into networks managed by Information and Communication
Technologies (ICTs) [3], [10], [11] to address growing energy demands through predictive
analytics. The Al application in the form of predictive analytics can transform SGs to be more
efficient, intuitive, and cooperative for all actors involved [13]. Hence, enabling a fully
collaborative operating mode where each participant relinquishes their decision-making autonomy
to a centralized system, works towards achieving global optimization, and allocates the resulting
expenses to each participant [13], [14]. Overall optimization, cost-sharing among actors, cost-
effectiveness, environmental friendliness, stability analysis, and the generation of a reliable power
grid are some of the potential benefits of Al applications in the context of SGs [5], [9].

However, despite the potential benefits of Al applications in SGs, a significant gap remains
between research and practical implementation due to several challenges. These include, but are
not limited to, demanding data requirements, difficulties with imbalanced data, interpretability
issues, limitations in transfer learning, and vulnerability to communication disruptions and attacks
[5], [9], [13]. This situation has highlighted the need for research to address these challenges and
bridge the gap. Furthermore, studies on real-case scenarios of Al applications in SGs for tackling
the increasing challenge of maintaining balance, stability, and reliability have not been thoroughly
explored. Investigating the practical implementation of Al in SGs and how Al algorithms can
address the challenges posed by increasing electricity demand, weather-dependent generation, and
the necessity of maintaining grid stability and reliability is now essential.

This study aims to examine how the potential benefits of Al applications in SGs, as highlighted
in the literature, can be applied in real-case scenarios by investigating the approaches and strategies
required to ensure the practical implementation of Al in SGs to handle unexpected variations in
supply and demand. Additionally, it seeks to investigate how these approaches can lead to the
design and implementation of explainable Al in SGs for predictive analytics. This research
distinguishes itself from previous studies on Al in SGs by focusing on practical implementations
and real-case scenarios rather than solely on theoretical contributions. Previous research has
primarily addressed theoretical aspects, including separate technical challenges such as efficient
stability analysis and control through predictive analytics, power consumption, and peak hour
prediction using Deep Learning (DL) [1], [5], [6], [13], [14]. This study adopts a different
perspective, seeking to bridge the gap between research and practice of Al application in SGs
through a collaborative practice research approach that investigates how Al’s predictive models in
SGs can be effectively implemented. It is the preliminary stage of a collaborative practice research
initiative aiming to narrow the divide between Al in SGs research and practice through productive
collaboration between scholars and practitioners. This collaboration will aid in the design,
development, and implementation of transparent and easily understandable Al models in smart
grids. Implementing a transparent and easily understandable Al model will enable users to
intervene effectively when Al systems fail or become biased in addressing stability control,
reliability, security, and transmission costs. Furthermore, our study intends to leverage recent
research and development in Al and its applications, alongside big data and SG-generated data, as
well as the expertise of industry practitioners, to lay a foundation on which explainable Al can be
implemented in SGs. This will facilitate the adoption of a large machine-learning model in
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predictive analytics, ensuring improved accuracy while alleviating issues related to data
interpretation and transparency. Additionally, it aims to enhance human understanding of Al
decisions, increasing engagement and autonomy and thereby improving energy distribution and
management in SGs. To achieve our aim, the study will attempt to address the following research
question: What strategies and approaches can enhance the practical implementation of
transparent Al for predictive analytics in smart grids to improve energy generation and
distribution?

We develop the idea of what strategies and approaches are needed for smart grid operators to
fully implement Al for predictive analytics in SGs as follows. First, we explore the background
and related work (Section 2). We describe the used research method in Section 3. We then evaluate
predictive analytics in smart grid literature and highlight four areas of predictive analytics
applications in Section 4. Then, we present the results of our document analysis in Section 5.
Finally, we discuss four strategies and approaches required to bridge the gap between research and
practical implementation of Al in smart grids in Section 6 and provide conclusion and future
research direction in Section 7.

2 Background and Related Work

A Smart grid (SG), as described in the US Department of Energy’s Smart Grid System Report,
encompasses information management, control technologies, digitally based sensors, ICTs, and
field devices [9]. Itis an integrated system that coordinates diverse electrical operations, generating
a wealth of data that, through predictive analytics, offers insights into energy production,
distribution, and consumption. Consequently, advanced technologies like Al are increasingly used
in SG predictive analytics for monitoring, measuring, and reporting these key aspects of electricity
flow. Al algorithms are being used to process and analyze generated data and produce patterns
that assist human operators in accessing and utilizing data across the grid [9], [15].

Also, the integration of advanced metering infrastructure, control technologies, and
sophisticated communication protocols enables SGs to acquire substantial volumes of
heterogeneous, high-dimensional data about electric power grid operations. Consequently, the
application of Al-based methods within SG environments is gaining increasing prominence. Al-
based methods offer the potential to mitigate limitations inherent in conventional modeling,
optimization, and control paradigms employed in traditional grid systems [9], thereby facilitating
the development of a more efficient, stable, and reliable grid infrastructure. Al has demonstrated
capabilities resembling human thought and behavior [5], [16]. Its application in SGs promises to
reduce the need for human intervention in grid management. Following periods of fluctuating
interest, advancements in computational power, data volume, and data modeling techniques have
propelled Al to the forefront of various industries, economies, and daily life in the 2020s. This
resurgence of Al, particularly within SGs, has enabled them to meet stringent dependability,
security, and stability standards [5] through automated control and timely stability analysis.

More so, numerous Al techniques, such as machine learning, deep learning, and reinforcement
learning, are continuously being integrated into SGs [1], [6], [17]-[19]. These techniques enhance
SG performance in areas such as stability control, fault diagnosis, security evaluation, stability
assessment, transmission cost reduction, and seamless demand-supply management [2], [8], [19],
[20]. Research on Al applications in SGs has achieved significant milestones due to technological
advancements in accuracy, security, speed, and effectiveness, coupled with a reduction in human
workload [5]. However, an essential aspect largely overlooked in Al applications for SGs is
interpretability, a key concern in social science research on algorithms [21]. This lack of
interpretability raises concerns about trust and transparency [13], [22], as users may not understand
Al models and decisions, which can potentially lead to inaccurate or biased predictions [13], [22].
The adoption of Al in SGsiis largely driven by the desire to enhance predictive analytics for various
operational improvements [13]. By leveraging such techniques as data mining, predictive
modeling, and machine learning, Al enables SGs to improve fault diagnosis, predict future events,
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enhance decision-making, and optimize grid operations. This application of predictive analytics
has made Al models indispensable tools for risk prediction and decision-making optimization [15],
earning the description of “modern oracles of our networked digital age” [10].

Finally, prior studies on Al-enabled predictive analytics in SGs have attempted to address
critical challenges related to energy consumption, climate change, energy transmission costs, and
managing and predicting energy demand and grid stability [5], [13]. Predictive analytics is
essential in environments with dynamic energy pricing based on peak consumption and short-term
load forecasting [6]. Consequently, both energy producers and consumers are increasingly
embracing predictive analytics and seeking ways to improve its accuracy [23]. Prior research has
also demonstrated the potential of machine learning for energy prediction, such as Ahmad’s et al.
[24] work on predicting hourly solar thermal energy usefulness using experimental data and Bose’s
[1] overview of Al’s power within SG power systems, focusing on expert systems, fuzzy logic,
and artificial neural networks. Bhuiyan et al. [11] provide a comprehensive overview of predictive
analytics in SGs for grid stability analysis and control. In contrast, others demonstrate Al’s
analytical capabilities for evaluating SG security, stability, fault diagnosis, and power [8].
However, as Latour [25] observes, the inner workings of successful technologies often become
obscured by their achievements, focusing attention solely on inputs and outputs. This irony applies
to Al in SGs: as its applications advance, their complexity increases, making them less
comprehensible [25]. This lack of transparency raises trust concerns and limits the potential
benefits. Therefore, Al model transparency is pivotal for realizing the full potential of Al in SGs
and addressing challenges related to transfer learning, communication quality, security, and
adversarial attacks [8], [18], [26]. To explore how to make Al models in SGs more transparent and
human-understandable, particularly in contexts with high renewable energy integration, this study,
which is part of a collaborative research practice, adopts an action-research approach to actively
contribute to societal and behavior-oriented perspectives in research and development of SGs,
focusing on integrating domain expertise into Al model training.

3 Research Method

The research presented in this article™ builds on a study that, due to its emphasis on deep
stakeholder involvement, was developed from the action research methodology. As outlined in the
work of Susman and Evered [27], action research requires close researcher engagement with
participants through a cyclical process: (1) Diagnosis — understanding the problem context; (2)
Action Planning — devising a solution; (3) Action Taking — implementing the solution; (4)
Evaluation — assessing the results; and (5) Learning — reflecting on lessons learned) [27], [28].
This study, being in its early stages of ongoing research, has implemented the first two stages as
follows:

The Diagnosis Stage involves investigating and understanding the context of Al-enabled
predictive analytics in SGs and identifying gaps in existing approaches for developing and
implementing Al applications in SGs for predictive analytics. This was done by reviewing existing
literature using the systematic literature review approach. The process involved conducting and
describing a methodical and replicable procedure for searching all existing articles and reports on
a specific topic of interest, evaluating identified articles, summarizing or synthesizing findings
from the reviewed articles, and condensing or applying findings to yield new results or knowledge
on a specific topic [29]-[31]. Unlike a classic narrative review, which consists of presenting a
descriptive summary, overview, or synthesis of evidence from existing publications on a certain
topic or theme, as well as evaluating the contents of the articles about the topic or theme of interest
[29]-[31], our choice of review was based on the aim and scope of this study [31].

T An extended version of a BIR workshop paper: T. Kindong, B. Johansson, and V. Paulsson, “A systematic literature review of
Al-enabled predictive analytics in smart grids,” BIR-WS 2024, Prague, Czech Rep., September 11-13, 2024, vol. 3804, pp. 16—
30.
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Our literature review follows Webster and Watson’s recommended systematic literature review
approach [31]. The systematic literature review employed an inductive approach to address the
research questions and clarify the research gap, enabling a broader perspective than a single,
location-specific primary study and aligning with the diagnostic stage of the action research
process [29]-[31]. Our search began with a comprehensive literature search across multiple
databases to establish the scope of existing research on the intersection of artificial intelligence,
smart grids, and predictive analytics. The study used the following keywords: (“artificial
intelligence” OR “machine learning” OR “deep learning”) AND (“predictive analytics”) AND
(“smart grid”). It employed a combination of “OR” and “AND” operators to perform searches on
Scopus. Additionally, “Artificial intelligence applications in Smart Grids” was used with
predictive analytics and publication dates to conduct searches on IEEE Xplore, ACM, and Science
Direct. “Artificial intelligence applications in Smart Grids” was also used to search for Google
Scholar articles. Furthermore, backward and forward searches were performed to broaden the
scope and improve the quality of our search. The backward search was conducted by reviewing
the references in the initially selected papers published in the Renewable and Sustainable Energy
Reviews and Elsevier journals and proceedings of the IEEE due to their high quality and
reputation. In contrast, the forward search utilized the “cited by” operator to examine additional
papers that have cited selected papers. This strategy aimed to capture prominent publications and
potentially overlooked research, ensuring a thorough exploration of the topic. This ensured that
the study began with high-quality papers, providing a solid foundation for the topic and
considering other outlets that might have lesser visibility in more extensive databases or
journal/conference rankings [31]. The “cited by” operator and the publication dates were also
employed for filtering to yield promising results for further refining the search on Google Scholar.
Finally, the study only reviewed papers published after 2015. This initial search yielded 847
articles across the five databases, which underwent a second screening process based on the
following criteria: (1) published in English, (2) fully accessible through contracted repositories,
and (3) peer-reviewed, resulting in 97 selected articles, as detailed in Table 1.

Table 1. Summary of selected papers from five databases used

1%t search: 2" screen: Relevant 3" screen: Selected Percentage
Databases string results articles after articles (%)
Google Scholar 426 30 6 23.1
ACM 47 10 2 7.7
Scopus 143 16 5 19.2
Science Direct 174 24 7 26.9
IEEE Xplore 57 17 6 23.1
Total 847 97 26 100

After the initial two-stage screening process, we applied inclusion and exclusion criteria to
refine the selection of articles for this review. The inclusion criteria specified articles that (1)
highlighted diverse technical Al application techniques within the context of SGs, such as machine
learning, reinforcement learning, and deep learning, and (2) were published in or after 2015,
reflecting the rapid evolution of these techniques. Conversely, articles were excluded if they: (1)
lacked empirical data; (2) were unrelated to Al and larger-scale computing and/or networking
infrastructure; or (3) focused on assistive devices. In cases of uncertainty regarding an article’s
relevance, its bibliography was consulted to assess its potential contribution and alignment with
the review’s focus [31]. This final screening process resulted in 26 articles being selected for
review, as shown in Table 1. The literature review process is summarized in Figure 1. The
literature review concludes the diagnosis stage and is preceded by the action planning phase
described below.
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Literature Review Process

Step 1: The " + Based on the research background and objective, the research

resear(_:h qu_e_stlon d questions was identified to give the direction for later steps
was identified

l l

Step 2 - Identify + Searched databases: Google Scholar, ACM, Scopus,
the relevant ScienceDirect, IEEE Xplore
- + Search Keywords: we used the following keywords, Smart Grids,
studies Artificial Intelligence, Predictive Analytics

l ‘,

Step 3 - Evaluate
and select the
relevant articles

A 4

» We established inclusion and exclusion criteria
« Selected relevant articles based on our developed criteria

A 4

» Categorize our selected research articles
+ we analyze the relationship between Al applications in smart
grids and Al Predictive Analytics in smart grids

Step 4- Analyze
and synthesize

A 4

A 4

Step 5- Present +» A descriptive summary of the synthesized literature was
the findi > presented themes
€ findings + Discussion is develop according to the research gap identified

Figure 1. The literature review process

The Action Planning Stage involves designing strategies and approaches to address the identified
gaps [28], [32]. This was achieved by analyzing documents from smart grid actors and exploring
strategies and approaches that can facilitate the design and implementation of Al applications in
SGs for predictive analytics. We analyzed existing documents from smart grid stakeholders in
Sweden to gain insights into our domain of interest [33]. We collected and analyzed energy report
documents, grid operations, project summaries [34], regulations, protocol implementation
documents, meeting notes, company websites, informal conversations, official announcements,
mobile app reviews, and industry conference papers, as seen in Table 2. The study also collected
data and used content and topic analysis to extract significant information. This involved skimming
(cursory review), reading (complete evaluation), and interpreting in an iterative process that
combined material and thematic analysis. The study employed content analysis [33] to categorize
relevant information and thematic analysis [35] to discover and explain themes. The literature
review summary and the document analysis findings are discussed below.
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Table 2. A Sample of Selected Documents and Data Analysed

Documents selected Data analyzed
Meeting notes from research group Current trends, new actors, and emerging business models.
meetings, and program conferences
Stakeholders’ portals, such as, svk.se, Grid actors require communication protocols, information on
ediel.se, and indlov.se, tekniskaverken.se renewable energy sources, step-by-step guidance for connecting

to the grid, and ongoing innovation projects.

Energy reports, project reports, and Energy usage trends, renewable energy statistics, technological
practitioners conference papers adoption, grid improvement, and future projections.
Electricity Market Guide Statistics for electricity production, consumption, imports and

exports, electricity prices, grid capacity, electricity trade,
forecasts, and analysis of energy markets.

Energy policies Regulatory frameworks, compliance with energy standards for
data gathering and consumption, as well as data protection and
privacy.

National Grid development Innovation projects related to building new lines and stations and

also strengthening national grids

4 The Diagnosis Stage: Literature Review on Al Predictive Analytics in SG
Context

Predictive analytics, powered by modern Al models, has become pivotal for risk prediction and
optimizing decision-making processes [15]. By leveraging data mining, predictive modeling, and
machine learning, predictive analytics analyses historical and real-time data to generate forecasts,
describing “modern oracles of our networked digital age” [10]. Within SGs, Al-driven predictive
analytics is vital in addressing key challenges related to energy consumption, climate change,
transmission costs, demand forecasting, and grid stability. Predictive analytics is essential for
managing energy consumption in dynamic pricing environments where costs are determined by
peak consumption and short-term load forecasting of building electricity usage [36]. Recognizing
this, both energy producers and consumers are increasingly embracing predictive analytics and
seeking ways to enhance its predictive capabilities further [23].

Furthermore, Ahmad et al. [24] laid the groundwork for predicting solar thermal energy's hourly
usefulness using machine learning algorithms. In their work, they trained and tested several
machine-learning models using experimental data. Similarly, Bose [1] states that Al approaches
are incredibly potent tools in SG power systems. Bose provides a concise but thorough overview
of three significant areas of Al: expert systems (ES), fuzzy logic, and artificial neural networks.
Also, Bhuiyan et al. [5] provide a detailed and understandable overview of the current adoption of
predictive analytics in SGs to enable grid stability analysis and control. Finally, the review
summary shows that Al in SGs has the potential to enhance analysis for SG security, stability,
fault diagnosis, and stability control [18] to ensure transient, frequency [37], small signal, and
voltage stability [38]. The summary of Al predictive analytics in smart grids is presented as
follows: (1) power outage prediction, (11) demand response, (I11) control and coordination, and (1V)
Al-enhanced security.

The summary of the Diagnostic Stage on Results and Derived Insights are shown in Table 3.
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Table 3. Summary of the Diagnostic Stage on Results and Derived Insights

Category Description Summary Derived Insights
A clear trend emerges from the analyzed
papers: The increasing interest in diverse Al
Number of Papers | The study analyzed 26 techniques and applications, particularly
Analyzed articles. machine and deep learning, artificial neural
networks, and reinforcement learning for
predictive analytics in SGs.
L Renewable z_md Sustainable Most of the literature on Al applications is
Publication Energy Reviews, Journal of ublished in energy related, and engineerin
Publication | Outlets Cleaner Production, Solar P 9y » and eng 9
journals and conference proceedings.
& Temporal energy, Energy and Al.
Analysis The analyzed research shows a marked
evolution in Al's application within SGs.
Distribution of papers Early studies (2015-2020), representing 30%
Publication Year | 2CT0SS time periods broken of the articles, focused on foundational uses
Distribution down into earlier (2015- like load forecasting and stability. However,
2020) and recent (2021- recent publications (2021-2025), comprising
2025) periods. 70% of the data, highlight a shift towards
advanced predictive analytics for grid
balancing and dynamic pricing.
Common Al techniques:
::lgzrfﬁ/nlo%'\;‘l_l;ﬂggéne Based on the reviewed papers, ML, DL,
Prevalent Al ing » Deep ANN, and RL are identified as the most
. learning (DL), Artificial -
techniques prevalent and highly developed Al
neural network (ANN), and . - e .
: . techniques utilized for predictive analytics.
reinforcement learning
(RL).
Al L The findings demonstrate Al's broad area of
. Common application: Load A
Techniques e . ; applications in SGs, that spans across
& Specific forecasting, Fault detection, hanci liabili q bl
- Application Areas | Renewable integration, and enhancing system refiability and renewable
Applications ' energy integration to enabling complex

Grid stability.

energy scheduling and predictive modeling.

Hybrid Al
Approaches

Common hybrid
approaches: Distributed Al
using game theory and
reinforcement learning,
Complex-valued algorithms,
and Federated learning.

There is a trend towards sophisticated Al in
SGs, marked by hybrid models combining
multiple techniques, like the complex-valued
artificial hummingbird algorithm and
ensemble methods, to achieve enhanced
prediction and optimization.

Observations

Key Observations
Across Reviewed
Papers

Synthesis of the findings
from reviewed papers
reveals that Al is
predominantly used for (1)
Power outage prediction, (2)
Demand response
optimization, (3) Control
and coordination of grid

Practical implementation of Al applications
in SGs for predictive analytics can enhance
reliability and resilience, optimize renewable
energy integration, improve stability and
control, forecast energy consumption and
fault detection, and grid security.

&
Challenges resources, anq 4 _
Enhancing grid security.
The primary obstacles to broader Al
L Vast heterogeneous data, adoption in SGs include the challenges of
Identified : . . o
Model interpretability, and model interpretability, large data
Challenges & - ; : S
L Limited real-time requirements, and the limited deployment
Limitations . . o . .
implementation. and proven reliability of Al algorithms in
physical systems.
Future research should focus on developing
Trends and . transparent Al models, validating Al
. Federated learning and - L .
Future Emerging Trends . algorithms within real-world grid
c explainable Al. . - .
Directions environments to facilitate practical

implementation and widespread integration.
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4.1 Power Outage Prediction in Smart Grids

The growing demand for clean energy, integration of renewable energy sources, and the aging of
most grid infrastructure highlights the risk of power outages in several global marketplaces [7].
The increasing complexity of modern electrical grids has driven a significant focus on predictive
analytics for asset management and renewable energy integration. Firstly, predictive analytics
identifies and mitigates risks associated with aging grid components, such as transmission lines,
transformers, and substations [39]. Secondly, it plays a vital role in addressing the challenges posed
by the variable and intermittent nature of renewable energy sources like solar and wind, ensuring
grid stability and reliability.

Electricity demand continues to rise, and more weather-dependent electricity is added to the
grid. This implies it is becoming increasingly complex to maintain the balance due to the
possibility of probable power outages induced by bad weather [19], [24], [39]. Therefore, the
stability and operational reliability of the electricity grid is a growing worry due to the
unpredictability of weather-dependent renewable energy sources [19], [40]. Hence, grid actors
increasingly seek ways to improve grid performance through power outage prediction and
maintenance of poorly optimized structures, such as many lines and stations nearing their technical
end [41]. Also, the heightened risk of power outages during severe weather events like snowfall,
tornadoes, and cyclones [13], [40], [41] makes the grid vulnerable. Thus, power outage prediction
is gaining attention to optimize power generation, delivery, and consumption within a smart grid
[13], [40]. This emphasis has further intensified with the adoption of Al, which provides advanced
capabilities like real-time communication and the ability to predict future events to address
challenges posed by potential blackouts due to severe weather conditions [13], [19].

More so, the advent of Al in SGs has seen a strong interest in adopting Al algorithms for power
outage prediction [13], [19], [24]. This is due to Al’s potential to transform SGs into dependable
yet cost-effective electricity for consumers across the network and predict future severe weather
conditions to enable better planning. Also, AI’s predictive analysis capabilities offer potential
benefits in power outage prediction, especially if producers and consumers can understand and
interpret Al decisions and plan for the future. Furthermore, Al-enabled predictive analytics across
the grid is pivotal to taking necessary actions to avoid a power outage. For instance, electricity
producers can incorporate future happenings forecasted by Al into their planning and strategy
formulation to address potential blackouts. Also, Al power outage predictions in SGs bring about
effective stability analysis and control, which are necessary to guarantee reliable operation,
ensuring that electricity suppliers meet electricity demand during severe weather conditions and
prevent potential blackouts [34]. Lastly, power outage prediction enhances demand response,
which is discussed below.

4.2 Demand Response in Smart Grids

Demand response (DR) is a significant concept in SGs that encourages consumers to discharge
non-essential electricity during peak hours to balance supply [42]. It is a concept that mandates
electricity suppliers to ensure sufficient output to meet consumption [34]. Under the Swedish
Electrical Act, an electrical supplier must provide as much electricity as its consumers consume
[34]. The electricity supplier may take on this obligation for its electricity delivery or transfer it to
another company, ensuring efficient demand response that always meets electricity needs. Also,
consumers could commit to reducing unnecessary energy consumption during peak periods and
store more energy for the future. This explains why household load forecasting plays an essential
role in DR, especially when dealing with the unknown amount of energy a household uses [43].
Customer behavior is a significant factor in demand planning, making accurate predictions
laborious and requiring demand response systems to handle the uncertainty that comes with it [43].
Moreover, DR continues to gain interest through employing semantic web methodologies [44] to
develop an integrated smart grid information model and provide case studies for dynamic disaster
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recovery. Khan et al.[45] argue that the increasing complexity of demand-side management and
the need for near real-time decision-making have positioned Al and Machine Learning (ML) as
essential technologies in demand response. This is primarily due to their ability to handle the
intricate tasks and massive data volumes inherent in effective demand response strategies [45].

Furthermore, the rapid proliferation of Al applications in different fields has also seen a rise in
Al applications in SGs for demand response. Al applications in SGs for DR have the potential to
optimize disaster recovery by merging several ways to estimate customer electricity use and
automate the process. Authors of [18] investigated reinforcement learning (RL) usage for demand
response applications in the SGs, including controlling energy systems such as electric vehicles,
heating, ventilation, and air conditioning (HVAC) systems, smart appliances, and batteries.
Ensemble-based Al methods, such as random forest (RF), are gaining popularity in prediction and
are being used to predict hourly HVAC energy consumption [46]. Also, Ma et al. [47] developed
a distribution optimization method for multi-agent systems to find optimal network weights for
various stakeholders for an efficient and secure dynamic pricing strategy for SGs. Ma et al. [47]
suggested that strategy enhances stakeholder privacy and decision-making autonomy and
optimizes DR in SGs. Also, Boopathy et al. [6] investigated Deep Learning (DL) applications for
smart grid demand response, presenting deep learning principles in SG demand response and
exploring cutting-edge applications such as electric load forecasting, state estimation, energy theft
detection, energy sharing, and trade [6]. Boopathy et al. [6] address current research challenges,
key issues, and prospective future directions in deep learning for smart grids and demand response
and conclude that DL models can identify patterns in vast SG network data to predict electricity
demand during peak hours to help forecast future consumption [22], [43]. Furthermore, other
studies have investigated the use of cutting-edge deep learning algorithms to directly learn
uncertainties in demand response due to consumer behaviors [43]. This is essential for Demand
Response in SGs to ensure a constant balance between the production and consumption of
electricity [34]. Finally, demand response necessitates that suppliers and consumers both assume
their responsibilities in a controlled and coordinated manner. Thus, efficient control and
coordination in SGs is pivotal and is discussed in Section 4.3.

4.3 Control and Coordination in Smart Grids

Control and coordination have become pivotal in handling demand response in SGs, ensuring that
balanced responsibility parties collaborate in a coordinated manner [42]. Control and coordination
in SGs utilize advanced power electronics, computer systems, information technology, emerging
technologies, and cyber technology to foster efficient and seamless control and coordination of the
interactions within SGs. Efficient control and coordination are fundamental to achieving a
sustainable and reliable power system. This is accomplished by accurately predicting energy
production and consumption, which allows for optimized operation of energy consumers and
battery systems, enabling responsive adjustments to grid price fluctuations while balancing energy
output and user comfort [5], [42], [48]. Also, according to [44], the ability of SGs to collect large
amounts of data allows for the development of new Al applications and tools to regulate power
usage and meet escalating electricity demand through control and coordination. By analyzing vast
datasets, grid operators can accurately forecast energy demand and supply fluctuations, allowing
for proactive issue mitigation and optimized energy distribution, which is particularly important
when dealing with the variable nature of renewable energy sources [49]. Moreover, Al techniques
such as machine learning algorithms significantly enhance these predictive capabilities by
effectively identifying complex data patterns and generating precise forecasts [39], [49].

Al has become a powerful tool for controlling and coordinating electricity generation,
transmission, and distribution in SGs, allowing for real-time pricing by third-party service
providers to control domestic energy use [44]. Al also enables real-time processing, ensuring
stability analysis, thereby enhancing control and coordination in SGs [5], [42]. This is important
as the SG continues to expand through interconnection, renewable energy integration, direct
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current power transmission technologies, and electricity market liberalization, which requires
controlling and coordinating various actions of all stakeholders [5]. Also, Al applications in SGs
can incorporate computer processing and leverage large database repositories and communication
network connectivity [50]. Thereby, enhancing control and coordination, which is essential for
facilitating or enabling specific tasks [1], [5], [14], [42]. Moreover, Al offers potential methods
for analyzing and controlling smart grid stability by accessing data and other sensitive information,
which creates security vulnerabilities that must be addressed through Al-enhanced security, as
presented below.

4.4 Al-enabled Security in Smart Grids

Al-enhanced security in SGs can be defined as using Al techniques to improve the security and
resilience of SG infrastructure [13]. This involves applying Al algorithms and models to various
security tasks, such as intrusion detection, access control, and risk assessment [13], [38], [51].
These Al algorithms are trained to detect abnormalities and predict potential attacks to protect
stakeholders’ privacy by forbidding the exchange of personally identifiable information. Also, Al-
enhanced security uses Al-based distributed optimization systems to improve trustworthiness.
Furthermore, Al-enabled security combines Al algorithms and blockchain-enabled solutions for
scheduling, managing, organizing, and optimizing SG power distribution for security in SGs [8].
The combination of Al algorithms and blockchain protects the integrity and secrecy of transaction
executions to immutable storage in encrypted blocks. This will improve the security and
performance of Al applications in SGs [8], demonstrating the primary advantages of SG
innovation and how Al can advance SG security [52], [53].

Furthermore, Al capabilities provide a unique advantage since Al-enabled smart contracts
respond quickly to emerging cyber threats, such as a cyber-physical fusion event or a climate
calamity that occurs organically. Thus, Al-enabled security leads to automated and robust
management of some power grid functions [8]. Integrating Al and blockchain technology may
create a defense against unauthorized attempts to alter formations or web and sensor scenes
instantly and simultaneously [8]. Thus, Al significantly bolsters smart grid security and
intelligence by automating critical processes. This enhancement is achieved through real-time
information assessment, optimized energy consumption, and secure communications and
information management [12], [54].

Additionally, Al-enabled security controls in SGs employ Al techniques, such as Machine
Learning (ML) algorithms, for intrusion and malware detection. This strategy is a common
approach to addressing the complexity of cybersecurity and the sophistication of cyber-attacks in
SGs [51]. Al-enhanced security measures in SGs are viewed as more effective than traditional
signature-based and heuristic-based controls in tackling recurring security challenges [51].

Finally, drawing from the insights derived from the review, as illustrated in Table 3, and
recognizing the need to identify specific areas for improvement as well as the actual
implementation of Al within SGs, especially concerning Al-enhanced security and other
applications discussed in this review, an analysis of documents relevant to the Swedish context
was conducted. The findings are presented in the next section.

5 The Action Planning Stage: Results From Documents Analysis

A thorough documentation analysis helped us comprehend AI implementation’s trends,
opportunities, and challenges in practice. The documentary data (selected sources listed in Table
2) helped contextualize the research on the Al applications in smart SGs, like market dynamics
and new business models, grid infrastructure development, and technology adoption. Documents
were especially valuable in identifying the strategies and approaches for Al implementation in
practice, adding contextual richness to the research. Also, analysis of these documents prompted
more in-depth inquiry and provided insight into events or circumstances that require more
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attention. The document analysis was an iterative process of skimming, reading, and interpreting
documents related to SGs in Sweden [33].

Finally, we used content analysis [33], [55] and thematic analysis, a form of pattern recognition
that employs emergent themes as analytical categories [35] to organize information relevant to the
research question. This involves focused re-reading and reviewing the selected data, where coding
and category construction are conducted based on the data’s characteristics to reveal pertinent
themes [35]. Additionally, to maintain rigorous intra-rater reliability during single-author coding,
a systematic approach centered on a detailed codebook was employed. This codebook was
consistently referenced throughout the analysis, ensuring the author’s coding uniformity. It
facilitated close engagement with the data, allowing for iterative reflection and identifying
connections between meaning units [55]. This iterative process involved ongoing adjustments,
revisions, and re-coding, ultimately leading to a set of reasonable and satisfactory coding choices
[55] and identifying patterns [35] that resulted in the following themes: (1) Market Dynamics and
Business Models, (I1) Grid Infrastructure and Development, and (I11) Technology Adoption, which
are presented further in this section.

5.1 Market Dynamics and Business Models

Market dynamics and business models describe how power is bought and sold in Sweden. There
are various distinct power exchanges where responsible parties can purchase and sell electricity
[34]. These exchanges are linked at the European level, allowing bids on one exchange to be
cleared against offers on another, resulting in an integrated European power market. More so, the
availability of electricity and the amount requested at any time influence electricity pricing. For
instance, when there is a surplus of supply compared to demand, such as on windy days, prices
tend to fall. In contrast, prices rise when demand is high, and supply is low [22], [34]. Additionally,
Sweden is divided into four bidding regions for electricity prices. Supply and demand in each
region affect the bidden price in its specific bidding region. Efforts to modernize the grids continue
to dominate national discussion discourse. Despite efforts to modernize the Swedish electricity
market, a planned transformation involving a national “data hub” did not come to fruition [56].
Swedish authority responsible for Sweden’s electricity transmission (Svenska kraftnat) and the
Swedish Energy Markets Inspectorate (Energimarknadsinspektionen or Ei) tried to introduce a
new paradigm in 2020 through a unified data hub [56], which did not materialize. The unified data
hub was meant to establish a supplier-centric model, streamline billing by consolidating
distribution and consumption invoicing, and potentially promote new energy-efficient services
through increased competition, transparency, and improved data access [56]. The project involved
multiple stakeholders, such as electricity market actors and the government, working together to
develop a platform that meets diverse needs and fosters widespread adoption. This failed project
shows how engaging stakeholders with different interests, market dynamics, and emerging
business models affect grid infrastructure and its development, as discussed below.

5.2 Grid Infrastructure and Development

Sweden’s national grid, one of the oldest globally, faces significant infrastructure challenges [41].
Hence, many existing lines and stations are approaching the end of their operational lifespan and
require modernization. Simultaneously, new lines and stations are being constructed to reinforce
and expand the national grid’s capacity [41]. This is done through grid infrastructure development
that involves adding new lines and stations to accommodate increased wind generation, alleviate
grid restrictions, and meet society's desire for a reliable electricity supply [41]. The shift in the
Swedish electricity market has precipitated grid development to meet the rapid changes in the
electricity market due to the increased use of renewable energy sources. Grid development is made
possible through new technologies, such as battery storage, and the growing prominence of climate
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change concerns [34], [37], [41]. Finally, the continuous development of the grid infrastructure
involves developing and adopting new technologies, which are presented below.

5.3 Technology Adoption

Technology adoption in Swedish SGs is critical to the country’s transition to a more sustainable
and efficient energy infrastructure [37], [41]. Sweden is noted for its progressive approach to
energy and environmental legislation. Sweden has also incorporated modern technology into its
energy infrastructure to improve efficiency, dependability, and sustainability. This is done by
adopting emerging technologies such as Al, advanced metering infrastructure, the Internet of
Things (IoT), and smart systems. Also, the rapid advancement in Al technology has prompted a
growing interest in Al adoption in SGs to optimize energy distribution, estimate energy
consumption, and improve grid decision-making. Al adoption in SGs is pivotal to effectively meet
customer expectations and create a competitive position in the future energy market [14], [52].

However, despite the growing interest in Al applications in SGs and the considerable potential
of using a big data and ML in predictive analytics, as highlighted in Svenska Kraftnat's report[22],
the results of Al models remain challenging to comprehend. This leads smart grid stakeholders to
favor more straightforward and transparent approaches that are easier to interpret and understand
[22]. The limited transparency and interpretability of Al algorithms and the labor-intensive nature
of developing machine learning workflows significantly hinder the practical implementation of Al
in SGs and complicate human efforts to provide intelligent tracking and feedback. This takes
humans out of the loop and makes Al adoption challenging. Hence, having human-in-the-loop
during the development and implementation process requires individuals who understand how Al
algorithms work to intelligently monitor changes and intermediate results over time. This will
facilitate rapid iteration, quick responsive feedback, introspection and debugging, background
execution, and automation [57]. Consequently, bridging the gap between research and practice
requires addressing Al transparency and interpretability to enhance the efficiency and
effectiveness of Al while easing its implementation in practice. We want to emphasize the
following: First, improving human understanding of Al models and interpretations of Al decisions
is essential. Second, Al applications in practice should allow humans to intervene when Al fails
or makes biased predictions (human-in-the-loop). Third, we must adopt and implement strategies
that can effectively enable the integration of Al and humans. These tactics and approaches are
detailed in the following section.

6 Discussion

The energy sector fosters stakeholder collaboration to develop innovative grid resilience and
sustainability solutions. This involves upgrading the national grid with new infrastructure to
accommodate increased wind power generation and removing grid limitations to ensure a reliable
electricity supply that meets societal demand [41]. This has led to SG digitalization and the
adoption of advanced technologies like Al, enabling real-time data collection and predictive
analytics [11], [13], [22], [52], [53], and shifting grid operations from reactive to proactive. Also,
predictive analytics in SGs uses real-time data and historical data to predict demand, improve grid
stability, and increase user engagement [13], [41], [52]; thereby improving SG's resilience,
efficiency, and adaptability to changing needs and challenges.

Moreover, Al applications in such SGs as Al-enabled predictive analytics have the potential to
improve power outage prediction, demand response, control and coordination, and security, thus
improving smart grid resilience. However, the results and Al decisions are still complex and
difficult to interpret, which stifles their practical implementation. To address this gap and enable
their practical implementation, there is an urgent need to adopt strategies and approaches for the
design of Al algorithms that are transparent and explainable. It also ensures the ease of integration
of transparent Al for predictive analytics and improves energy generation and distribution while
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maintaining human oversight and building public trust. This can be achieved through the following
approaches: (1) explainable Al techniques, (1) robust data management, (111) human-in-the-loop,
and (V) stakeholder engagement and collaboration.

6.1 Explainable Al Techniques

Explainable Al (XAl) techniques refer to methodologies and methods for making Al decisions
more transparent and understandable to humans [13], [51], [58]. These methods are used to address
the “black box” character of some Al models, particularly complicated ones like deep neural
networks, which can make it challenging to interpret and understand Al results [13], [21], [51].
Explainable Al techniques are being used in the design of transparent Al models to address some
of these complexities, such as transfer learning challenges, and make Al decisions transparent and
interpretable [13], [21], [51], [58], [59]. Hence, SG actors should adopt explainable Al techniques
to design and implement Al models in SGs for transparent and human-understandable predictive
analytics.

Furthermore, implementing explainable Al strategies is decisive for addressing Al transparency
and interpretability, explaining how Al works, and clarifying Al judgments for users [5], [13].
This makes it easy for Al models and Al decisions to be humanly understandable through
integrating domain expertise in the training of Al models. Also, explainable Al techniques are
pivotal for Al applications in SGs for predictive analytics and can potentially transform predictive
analytics in SGs by moving away from “black box” models to more transparent and understandable
systems [51]. Incorporating explainable Al techniques into SG development can facilitate a
thorough analysis of Al requirements and feasibility studies. These studies can then effectively
determine essential factors such as required data structure, data quality, necessary expert
competence, ethical compliance, and, most importantly, whether Al decisions are understandable
to human operators [51], [58], [59]. Lastly, developing more interpretable Al models requires
carefully specifying several key elements. This includes defining the data sources, identifying the
relevant features for model training, and selecting appropriate predictive models or algorithms that
effectively mimic the desired behavior [51], [58], [59], thus requiring robust data management,
which is discussed next.

6.2 Robust Data Management

Robust data management is a complete strategy of managing data throughout its lifecycle, ensuring
that information is dependable, safe, and accessible for a variety of uses. It goes beyond simply
storing data; it covers a collection of behaviors, policies, and tools that ensure data quality,
accessibility, and security. Robust data management involves identifying data sources, applying
extraction techniques, combining data from multiple sources into a single dataset, and
preprocessing the datasets to be used [59]. Also, the increasing integration of ICT into power grids,
resulting in a massive influx of data from diverse sources, has made robust data management a
critical necessity for SGs, demanding effective data analysis and mining techniques to ensure high
data quality. Data quality involves identifying outliers and removing errors before loading them
into a data center [60] and ensuring the suitability of data for usage. Roger and Mangiameli [61]
identified four properties of data quality: correctness, integrity, consistency, and timeliness. They
emphasized the importance of data quality for information consumption; this is only possible
through robust data management.

Moreover, Alizamini et al. [62] viewed data quality as a complex, non-structural term that
requires elaboration through robust data management. Currently, significant volumes of electricity
consumption data have been accumulated. Identifying hidden information from heterogeneous and
inconsistent data is challenging [63]. Therefore, robust data management is necessary for creating
high-quality data, which is essential for knowledge discovery and the design and deployment of
interpretable and transparent Al algorithms. Also, high data quality will enhance the accuracy and
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transparency of electricity consumption statistics. Thus, its characteristics must be properly studied
to ensure that the collected data meets user requirements [64]. This will ensure that Al algorithms
trained with these data make informed decisions based on insight from electricity consumption
data with high qualities. This will make it easy to thoroughly comprehend the output of Al
algorithms while making it easy for human input to be integrated into an automated process or
machine learning model through a human-in-the-loop system, which is discussed next.

6.3 Human-in-the-Loop Systems

Human-in-the-loop (HITL) is an approach to designing and implementing Al algorithms that
incorporate human domain knowledge and expertise into the training and function of machine
learning systems to automate machine learning processes [65]. This approach is pivotal in
designing and implementing Al in SGs since developing ML procedures involves iterative
experimentation to achieve the requisite accuracy. Thus, HITL allows one to intelligently
incorporate human domain knowledge into the process to track changes and intermediate results
over time [57]. Also, this allows for rapid iteration, responsive feedback, introspection, debugging,
and background execution and automation [57], [65].

HITL research is becoming increasingly relevant as machine learning cannot replace human
domain expertise. Thus, adopting the HITL approach in designing and implementing Al in SGs
provides an opportunity to leverage more than 50 years of domain knowledge in the energy sector
and improve the accuracy, transparency, and interpretability of Al algorithms in SGs. This can be
done by integrating human expertise and experience to create accurate and less complex prediction
models at a low cost [65]. HITL offers training data for machine learning applications and uses
machine-based methodologies to complete tasks that computers may struggle with. Lastly, HITL
allows humans to analyze Al algorithms and their outcomes by observing the changes that occur
during their construction, diffusion, and use within social situations [21]. HITL necessitates
knowledge transfer, which can be accomplished through stakeholder engagement and
collaboration, which is discussed next.

6.4 Stakeholder Engagement and Collaboration

Stakeholder engagement and collaboration in Al applications in SGs is an approach of actively
engaging and collaborating with stakeholders in the design and implementation of Al. This ensures
that Al applications and systems are designed and implemented responsibly, ethically, and
effectively, maximizing their benefits while minimizing potential risks [51], [58]. Stakeholder
engagement and collaboration are pivotal throughout the design and implementation of
explainable Al (XAI) systems, which is required in the design and implementation of transparent
and interpretable Al in SGs for predictive analytics to allow different stakeholders to bring in
diverse perspectives and needs and ensure the XAl is effective, trustworthy, and aligned with
ethical principles[51], [58].

Finally, by combining these strategies and approaches, we can address the current gap between
research and practice in Al applications in SGs. This is because these approaches will help
stakeholders create and deploy transparent Al systems in SGs that are not only efficient but also
reliable and accountable. This allows us to fully realize Al's promise and create a more efficient,
reliable, and sustainable energy future.

7 Conclusion and Future Research

Smart grids (SGs) are a technology that offers a framework for producing, distributing, and
consuming environmentally friendly, efficient, and dependable energy. SG functionalities have
been improved significantly due to its integration with other emerging disruptive technologies such
as Al. Our study focused on the latest literature on developing and deploying Al applications in
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SGs, with a specific interest in predictive analytics. This study is part of an ongoing collaborative
research practice project to create innovative and beneficial knowledge of SGs for multiple
stakeholders using an action research approach. Referring to the research question “What
strategies and approaches can enhance the practical implementation of transparent Al for
predictive analytics in smart grids to improve energy generation and distribution?” this article
presents the findings from the first two stages of the action research: diagnosis and action planning.
The diagnosis stage involved a structured literature review that included 26 articles published after
2015 about Al applications in SGs, explicitly focusing on predictive analytics. The action planning
stage involved a document analysis of the development of smart grid innovation in Sweden.

Based on the diagnosis stage, we deduce from the existing literature that Al applications in smart
grid predictive analytics might enhance (1) power outage prediction, (2) demand response, (3)
control and coordination, and (4) security enhancement. Furthermore, document analysis for the
action planning stage reveals a dynamic interplay where evolving (I) market dynamics and
business models influence (1) grid infrastructure and development, ultimately driving (111)
technology adoption like Al. However, despite these huge potentials, Al applications in SGs
remain largely in the research phase because Al adds another layer of opacity. For the action
planning stage, we then discuss how it can be delineated, answering the research question
regarding the strategies and approaches required to ease the practical implementation of Al in SGs.
We discuss four approaches and strategies: (1) explainable Al techniques, (2) robust data
management, (3) human-in-the-loop systems, and (4) stakeholder engagement and collaboration.
These approaches could enhance the practical implementation of transparent Al in SGs. More so,
transparent Al offers superior stability, reliability, and efficiency over traditional grids. It
addresses many challenges in SGs and traditional grids, enhances performance, and reduces human
intervention in managing energy flow. Furthermore, the study concludes that implementing
transparent Al for Al-driven predictive analytics in SGs might optimize decision-making, diagnose
faults, and enhance grid stability. This is essential for addressing energy consumption challenges,
especially if approached from societal and behavior-oriented perspectives. Our proposed strategies
and approaches offer the foundation upon which the current challenge of Al interpretability in SGs
can be solved, thereby increasing Al efficiency and trustworthiness. Our diagnosis stage examines
what has been done so far in the context of Al applications in SGs and highlights the necessity of
making Al algorithms in SGs transparent. Our action planning stage shows that with the recent
advancements in Al and the increasing amount of data in SGs, the predictive analytic technique in
Al offers robust tools for optimizing SGs and increasing complexity and requires the right
approach for their practical implementation.

The study contributes to the discussion on Al-enabled predictive analytic functions in SGs. It
demonstrates that Al adoption requires the right strategies to uncover unforeseen elements of
algorithmic systems, such as Al interpretability concerns, which have great potential to enhance
Al applications in SGs. Nevertheless, the study is limited, and further work is needed to complete
the remaining stages based on Susman and Evered’s [27] action research. The remaining stages
are (3) action-taking (implementing the solution), (4) evaluation (assessing the results), and (5)
learning (reflecting on lessons learned). The full benefit of Al applications in SGs can be achieved
if a study explicitly includes algorithms in ethnographic research to uncover unforeseen elements
of algorithmic systems not addressed in the study. Hence, future studies can go a step further using
our proposed strategies and explore methodologies for algorithmic ethnography [21] in SGs. Many
practical issues regarding Al implementation in SGs, such as lack of transparency and
interpretability, must be addressed based on empirical data. Therefore, future studies could explore
these issues. However, a significant conclusion from this study is that more research with concrete
empirical examples of how to adopt and deploy Al and especially predictive analytics in SG using
our strategies proposed in this study is needed. Doing this kind of research focusing on Al
interpretability and predictive analytics models within SGs would benefit the development of
smart grids.
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