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Abstract: The rise of artificial intelligence (AI)-driven applications due to the advancement of large 

language models and generative AI has sparked growing discussions about the ethics and 

governance of such algorithms. As the global adoption of smart grid and digital power 

infrastructure accelerates, the role of AI becomes increasingly significant in optimizing operations 

like forecasting, maintenance, and energy distribution. Despite several works in the literature 

relating to ethical AI in domains like medicine and agriculture, a framework and recommendation 

are missing from the power grid lens. In this study, we propose a framework of ethical principles, 

including transparency, accountability, fairness, and privacy, tailored to the smart grid context. 

Through this framework, we identify key methods and strategies, present case studies, and discuss 

challenges associated with ethical AI implementation in smart grids. Our findings highlight the 

importance of balancing technological innovation with moral considerations, ensuring equitable 

and transparent energy management. We also discuss significant challenges and outline future 

research directions for ethical AI in power grid systems. 
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1. Introduction 

In May 2023, Denmark witnessed one of the most considerable cyberattacks in its history; 

twenty-two energy companies were targeted in a coordinated assault 1 . Hackers exploited 

vulnerabilities in system firewalls, which allowed them to breach critical infrastructure. The attacks 

forced several companies to disconnect from the primary grid and operate independently. The 

incident raised serious concerns about the security of smart grids, as it demonstrated the potential 

for cyberattacks to disrupt essential services. With the rise of AI-driven systems in smart grids ([1–

3]), ethical considerations have become more critical than ever. Imagine a scenario where energy 

grids rely on AI decision support systems like predictive maintenance algorithms [4], demand 

response optimization [5], or autonomous grid management [6]. In such cases, attacks like adversarial 

manipulation [7] or model poisoning [8] could severely disrupt operations, leading to widespread 

blackouts, loss of control over energy distribution, and compromised consumer data. These risks 

highlight the urgent need to build AI systems for smart grids with ethics and security in mind, 

ensuring transparency, fairness, and resilience against cyber threats. Ethical AI can safeguard the 

future of our energy infrastructure. 

AI revolutionized the power sector by enriching the efficiency, reliability, and overall 

performance of power systems [9]. The emerging predictive maintenance, load forecasting, and 

energy management have helped AI minimize operational costs and total hours of downtime while 

optimizing decision-making in the smart grid [10]. From a broad perspective, AI-driven technologies 

 
1 https://therecord.media/danish-energy-companies-hacked-firewall-bug 
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are now being used in renewable energy systems huge function changes are driving and helping 

transition the power sector to cleaner, more sustainable forms of energy [11,12]. On the other hand, 

such rapid integration also raises serious ethical issues at the front of probably lost human jobs, 

cybersecurity risks, and control over automated systems. There is a need to ensure that the 

development and deployment of AI are done in ways that give primacy to transparency and 

accountability parameters in order not to undermine these challenges into advantages within the 

power sector. Another important aspect will be to balance technological advancement requirements 

with ethics in order to shape a future with AI that is efficient and fair concerning energy management. 

1.1. Importance of Ethical Considerations in AI 

While the benefits brought forth by AI in smart grid systems are great, their deployment also 

raises a raft of ethical issues that need to be discussed if they are ever to be used responsibly and 

equitably. The major ethical issues are transparency and accountability, fairness, and privacy-because 

they touch on the trustworthiness and acceptance of AI applications in the power sector and their 

long-term viability. 

Transparency in the operation of AI systems lets stakeholders understand and, therefore, trust 

the decisions of such systems. It implies explanation and interpretation of the AI model and its 

decisions, and it means access to these models and decision processes. Next is accountability, which 

involves defining and enforcing the responsibilities of developers, operators, and regulators of AI for 

the ethical use of AI. It requires fairness in AI algorithms to avoid bias, hence discriminatory practices 

that can further lead to unequal treatment of individuals or groups. The vast use of AI applications 

involves the collection and analysis of data; therefore, several privacy concerns are raised. Thus, 

sensitive information requires robust protection and measures for legal and regulatory compliance. 

Addressing these ethical considerations is not only a matter of compliance but also needed to increase 

public trust and acceptance of AI. Ethical AI practices can thus enhance the legitimacy and social 

license of AI applications in smart grid systems. 

1.2. Research Purpose 

This study explores the ethical considerations associated with AI applications in smart grid 

systems. The primary objectives are to highlight the importance of ethical considerations in AI 

applications for power systems, introduce fundamental ethical principles such as transparency, 

accountability, fairness, and privacy, and discuss specific ethical challenges faced in the power sector. 

Furthermore, the research proposes strategies and best practices for ensuring ethical AI deployment 

in smart grids. 

2. Related Works 

The rapid proliferation of AI has sparked significant discourse on its ethical implications. While 

these advancements have introduced groundbreaking capabilities, such as automating complex 

tasks, enhancing decision-making, and enabling more efficient workflows, they pose substantial 

ethical risks, including bias, discrimination, and privacy violations. Researchers have emphasized the 

need for transparency and explainability in AI systems to foster trust and reduce opacity, particularly 

in decision-making processes where ethical missteps can lead to societal harm ([13–15]). The 

challenges extend to managing the inherent biases embedded in AI training data, which can 

perpetuate stereotypes and exclusion, especially in underrepresented languages and cultures ([16], 

[14]). Researchers have proposed tools such as bias detection toolkits and ethical management 

frameworks to help developers, managers, and stakeholders systematically address these risks, with 

some focusing on enabling organizations to integrate ethical considerations into their operational and 

strategic decision-making ([13,17]). Moreover, the ethical concerns tied to integrating AI with big 

data, such as ensuring data privacy, informed consent, and security, underscore the need for robust 

ethical frameworks that guide the responsible development and deployment of AI technologies [15]. 

These frameworks call for collaborative efforts between technologists, managers, and policymakers 
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to harmonize innovation with ethical accountability across diverse applications ([15,17,18]). While 

these general discussions on ethical AI and LLMs provide valuable insights, there is a critical need 

for domain-specific considerations tailored to power systems and smart grids. The unique 

operational contexts and the handling of sensitive consumer data introduce specific risks and 

scenarios that require targeted ethical frameworks and solutions. 

Domain-specific AI applications introduce unique ethical considerations that differ significantly 

across contexts, demanding tailored approaches to address risks and challenges effectively. In 

healthcare, AI systems must navigate critical issues such as patient safety, algorithmic transparency, 

and the preservation of trust in the patient-physician relationship, highlighting the importance of an 

“Ethics by Design” approach during development ([19–21]). Similarly, the integration of AI in 

agriculture raises ethical concerns about farmers' privacy, animal welfare, and accountability for 

outcomes, requiring frameworks that prioritize fairness, sustainability, and reliability to mitigate 

unintended harm [22]. In education, while AI has the potential to personalize learning and support 

diverse student needs, it also risks diminishing the social aspects of education and perpetuating 

inequalities if not carefully managed ([23,24]). These domain-specific challenges show the need for 

ethical norms, standards, and proactive governance strategies that are context-sensitive. Particularly 

in emerging applications like LLMs, the lack of established conventions or guidelines poses ethical 

uncertainties, necessitating immediate efforts to develop standards that align with the requirements 

of each domain [25]. While there is extensive research on general ethical considerations in AI and 

growing attention to domain-specific ethics in areas like healthcare, agriculture, and education, the 

ethical implications of AI in the smart grid sector remain underexplored. Our research thus seeks to 

address the ethical considerations of AI from the context of unique risks and operational challenges 

of smart grids. 

3. Ethical Principles in AI 

3.1. Definition of Ethics 

Ethics in AI encompasses the moral compass and guiding principles that shape how we create, 

implement, and utilize AI algorithms. The importance of ethics in AI lies in its ability to ensure that 

these technologies are designed and implemented in ways that benefit individuals and society, 

avoiding harm and promoting trust [26]. Ethical considerations are the bedrock in confronting the 

potential downfall of AI, such as bias, discrimination, and privacy breaches. Following ethical 

principles will help developers and other stakeholders to reduce these risks, gain public trust, and 

make AI applications more acceptable to the general public. 

3.2. Core Principles 

In the context of smart grid system applications, we consider four primary ethical principles. 

Smart grids involve extensive data collection and real-time decision-making [27], which require 

transparency to ensure stakeholders understand and trust the outcomes of AI systems. 

Accountability is essential for clarifying responsibilities across the AI lifecycle when errors or 

unintended consequences arise in critical operations like energy distribution or maintenance. Since 

AI systems in smart grids rely on diverse datasets, fairness becomes pivotal in mitigating biases and 

ensuring equitable outcomes. Finally, integrating AI introduces privacy risks due to the sensitivity of 

consumer energy data, necessitating robust data protection measures. Since these ethical principles 

address interconnected challenges, there may be overlaps or trade-offs between them. For instance, 

ensuring transparency in AI data or model processes could potentially compromise privacy by 

exposing sensitive information. Figure 1 summarizes the four principles, along with their examples. 

Transparency: Transparent AI relates to making the processes, data, and algorithms used in AI 

systems understandable and accessible to stakeholders [28]. It ensures that the decisions made by AI 

systems can be explained and justified. This principle is needed for building trust by allowing users 

to understand the rationale behind decisions and see the "how" and "why" behind them. 

Transparency also facilitates the detection and correction of errors or biases within AI systems. 
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Accountability: AI accountability refers to the obligation of AI developers, operators, and users 

to take responsibility for the actions and outcomes of AI systems. It involves establishing clear roles 

and responsibilities for those involved in the AI lifecycle and implementing mechanisms to ensure 

compliance with ethical standards and legal requirements [29]. Embedding accountability measures 

would enable recourse for addressing harm or unintended consequences of AI applications. 

Fairness: Fairness in AI deals with building AI systems that do not perpetuate or exacerbate 

biases and inequalities [30]. It is necessary to avoid discrimination based on race, gender, social status, 

or other unfair elements. To achieve fairness, we must keep working to find, measure, and reduce 

biases in AI systems. This process requires ongoing efforts to identify, measure, and mitigate biases 

in AI systems to promote equitable outcomes. 

Privacy: Data privacy involves protecting personally identifiable information from 

unauthorized access, use, or disclosure. In this regard, AI systems should comply with data 

protection regulations and ethical guidelines to protect individual privacy. Privacy-preserving 

techniques, such as data anonymization and encryption, are often applied to minimize risks while 

enabling the beneficial use or utility of data in AI applications [31]. 

 

Figure 1. Primary Ethical AI Principles in Smart Grids. 

4. AI Transparency in Smart Grid 

As society around the globe integrates into the smart grid by directly providing or consuming 

electrical power, they have a right to know how AI decision-making can impact them. Factors such 

as time of use (TOU) expenses, renewable energy delivery information, and relevant analytics should 

be easily accessible to the public. The following are some of the primary reasons why AI models and 

decision-making processes should be transparent: 

1. Trust and Acceptance: A more transparent technology fosters trust in regulators, operators, and 

the public. The more transparent and comprehensible the decision made by AI systems is, the 

easier it is for stakeholders to accept and support the technology [32]. 

2. Error Detection and Correction: Although AI systems are generally accurate after extensive 

training, they may inadvertently contain errors or biases on occasion. Transparency in this can 

make the detection and rectification of incorrect detection much easier. 

3. Compliance with Regulations: Generally speaking, algorithmic transparency is governed by 

regulations. Allowing AI systems to be transparent assists an organization in meeting the 

required legal and ethical requirements, which may be breached and result in fines as well as 

reputational damage [31]. 

4.1. Methods to Enhance Transparency 

Several methods can be employed to enhance transparency in AI models and decision-making 

processes: 
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4.1.1. Explainable AI (XAI) 

Explainable AI (XAI) is a set of techniques and methods developed to make the output of AI 

models understandable to humans [33]. In power systems, XAI is essential for improving the 

transparency and trustworthiness of AI applications like predictive maintenance, load forecasting, 

and fault detection. XAI can help operators, engineers, and regulators by providing clear 

explanations of how AI systems make their decisions. For instance, it would be feasible to trace back 

a decision about load delivery pricing to a given region based on factors like TOU and explain why 

a suburb is allocated more renewable energy. This understanding aids in the reliable and safe 

operation of smart grid systems. 

Techniques like decision trees and rule-based models inherently offer interpretability, which 

makes it easier to understand the decision pathways and logic. Additionally, post-hoc explanation 

methods such as Shapley Additive Explanations (SHAP) and Local Interpretable Model-agnostic 

Explanations (LIME) can be applied to more complex black-box models [34]. These methods show 

how different features contribute to the model's final predictions. Understanding AI decision-making 

can help find potential errors, meet regulatory requirements, and develop trust in the AI systems 

used in smart grids. 

4.1.2. Documentation 

Documentation guarantees the transparency and reliability of AI models for use in smart grids. 

This relates to providing detailed documentation on the proposed AI system, its design, and the data 

sources and algorithms feeding the decision mechanisms [31]. Extensive documentation will be 

produced by referring to model specifications, type, and any result from the processing of their 

training data, performance measures, and known limitations. 

In smart grids, accessible and updated documentation allows all stakeholders involved to 

understand and inspect the AI systems in current use. It aids in effective communication and 

troubleshooting and maintains the application of AI in concert with organization objectives and 

ethical policies. For example, in a load forecasting application, documentation would detail the data 

inputs (like weather conditions and economic indicators), model architecture (the type of neural 

network or regression model used), feature selection process (which variables were chosen and why), 

and the rationale behind specific forecasting decisions (how and why some predictions are made). 

4.1.3. Audits 

Audits consist of the independent review and assessment of AI systems to ensure that operations 

occur as instructed and in full compliance with ethical and regulatory standards [35]. Smart Grid 

systems enhance transparency, equity, and compliance in the application of AI through regular 

internal and external audits. Such audits can discover potential biases, errors, or avenues for 

improvement that make sure AI models remain aligned with organizational objectives and ethical 

policies. Auditing of an AI-based fault detection system would review, for example, the model for its 

accuracy, if it was nondiscriminatory in its decisions, and if it followed all the regulations. Such 

routine auditing helps maintain integrity, reliability, and ethical usage of AI systems engaged in the 

power section. They review AI systems on a routine basis, enabling them to refresh and enhance AI 

models with updated data and technology. An AI system becomes increasingly superior in 

performance and more trustworthy with such little steps taken over time. 

4.2. Transparency Issues Case Studies 

In smart grids, the implementation of AI technologies can sometimes face transparency 

challenges, which can hinder their effectiveness and acceptance. Several case studies illustrate these 

issues and the solutions that have been employed to address them. 

4.2.1. Case Study 1: Predictive Maintenance in Smart Grids: 
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When an AI system deployed for predictive maintenance on the power grid did not provide 

enough insight into its decision-making process, operators suspiciously shied away from using it. 

Without any transparency in their decisions, operators could not understand the reasoning behind 

suggested maintenance actions, leading to low man-machine trust and, consequently, 

underutilization of capabilities. This has been overcome by making recommendations provided by 

the system more interpretable through explainable AI with techniques like decision trees and feature 

importance scoring. Further, detailed documentation was provided, and regular training sessions 

were conducted with the operators. In this way, their confidence in the acceptance of the AI system 

increases, improving utilization and effectiveness for maintaining the power grid. 

4.2.2. Case Study 2: Load Forecasting and Energy Management: 

A utility company using AI for load forecasting faced regulatory scrutiny due to a lack of 

transparency in its forecasting models. Regulators demanded a clearer understanding of how the 

models made predictions and the data they used. To address this, the company adopted post-hoc 

explanation methods like SHAP to clarify the model predictions. Additionally, they created 

comprehensive documentation detailing the model's data sources, algorithms, and performance 

metrics, which was then shared with regulators. The documentation satisfied regulatory 

requirements and maintained compliance while also improving the overall transparency and 

credibility of the load forecasting system. 

4.2.3. Case Study 3: Fault Detection and Isolation: 

An AI-based fault detection system in a power network produced numerous false positives, 

which led to unnecessary maintenance actions and operational disruptions. The lack of transparency 

in the AI model made it difficult to identify the root causes of these false positives. An independent 

audit was done to check how transparent and effective the AI system was. The audit uncovered biases 

in the training data, which were corrected by retraining the model with more representative data. 

The system was also improved to make it easier for operators to understand how it works using 

explainability features. These improvements reduced the incidence of false positives and also boosted 

the reliability of the fault detection system. 

5. AI Accountability in Smart Grid Systems 

Despite stringent transparency measures and proper implementation, any systems is vulnerable 

to failure. However, the consumers and operators of smart grids have the right to know the parties 

responsible for mismanagement and failure to ensure adequate investigation and subsequent 

improvements to the system. In this context, accountability refers to the obligation developed and 

held by developers, operators, and regulators to ensure that AI systems are designed, implemented, 

and used in accordance with ethical and responsible practices. This is a problem of accountability 

among proponents for the actions and decisions made by AI systems, particularly those affecting 

individual or group life and asylum. Establishing clear roles and responsibilities is necessary to 

address any AI-related difficulties and harm. 

5.1. Stakeholder Responsibilities 

Effective accountability in AI applications necessitates that all stakeholders diligently fulfill their 

responsibilities, including AI developers, operators, and regulatory bodies. 

AI Developers: Developers bear a notable responsibility in the lifecycle of AI systems as they 

are tasked with designing systems that are ethical, fair, and transparent. Firstly, data used to train 

models should be representative of the populations and conditions under which the models will 

operate. To this end, developers must engage in meticulous data curation, selecting diverse and 

comprehensive datasets that minimize the risk of bias [36]. Once the data is secured, developers are 

to rigorously test and validate AI systems through extensive trials and simulations. This involves 

stress-testing AI models under various scenarios to uncover and mitigate potential risks. 
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Additionally, developers should provide thorough documentation detailing every aspect of the AI 

system, including design choices, data sources, algorithmic logic, performance metrics, and known 

limitations [37]. 

AI Operators: The responsibilities of AI operators are equally significant. They are tasked with 

the deployment and continuous monitoring of AI systems to ensure their correct functioning in real-

world conditions. This involves overseeing the initial implementation and also engaging in regular 

maintenance and updates. Operators must establish robust monitoring frameworks that track the AI 

system’s outputs and performance metrics, and detect anomalies or deviations promptly [38]. In 

addition, operators have the responsibility to ensure that end-users are adequately trained to interact 

with AI systems and comprehend their outputs. This training should cover how to interpret AI-

generated insights, understand system limitations, and take appropriate actions based on AI 

recommendations. 

Regulators: Regulators should establish standards and guidelines that govern the ethical 

deployment of AI systems. Establishing comprehensive regulatory frameworks that outline the legal 

and ethical requirements for AI applications [39] is fundamental for accountability. In addition to 

establishing frameworks, it is the duty of regulators to monitor that operators of AI systems comply 

with these standards by conducting regular inspections. In cases where entities fail to meet these 

standards, regulators are tasked with taking corrective action, which may include imposing penalties, 

mandating system modifications, or halting the deployment of non-compliant AI systems. 

Additionally, regulators must safeguard public interests by ensuring that AI systems do not cause 

harm and that there are mechanisms for redress. This involves setting up channels for reporting and 

addressing grievances related to AI applications, thus ensuring that individuals and communities 

affected by AI decisions can seek justice and remediation [40]. 

5.2. Methods to Ensure Accountability 

Ensuring accountability in AI applications requires the implementation of robust methods and 

mechanisms across various dimensions, including legal frameworks, ethical guidelines, and industry 

standards. 

Legal Frameworks: Governments and international organizations have established extensive 

laws for AI applications. Legal frameworks establish clear expectations for AI developers, operators, 

and organizations, facilitating enforcement processes [41]. Regulations may require regular audits 

and strict data protection to ensure openness in AI decision-making. Legal regimes sometimes 

include liability provisions to hold parties liable for damages caused by AI systems. Accountability 

allows individuals and entities affected by AI malfunctions or unexpected consequences to seek 

justice and get compensation. 

Ethical Guidelines: Professional organizations and bodies contribute to AI accountability by 

developing codes of conduct that explain ethical principles and best practices for AI development 

and use [42]. These guidelines provide moral advice to creators and operators, guaranteeing that their 

decisions meet ethical standards. To reinforce compliance, many organizations establish ethical 

review boards responsible for evaluating AI projects before deployment, ensuring alignment with 

ethical principles. Because of this, ethical review boards prevent AI systems that may present ethical 

risks from being released and make sure AI applications consider a strong base of ethics in both their 

design and implementation. 

Industry Standards: Setting up industry standards has also played a significant role in enforcing 

accountability in AI. These standards set the best ways to develop, deploy, and maintain AI; they 

ensure that AI systems are robust, reliable, and ethical [43]. Common elements of standards include 

model validation, data quality, security, and an overall framework on how to create trustworthy AI 

systems. In addition, a number of industries are establishing special certification programs for AI 

systems. This can serve to further enhance accountability because stakeholders will see that an AI 

system has undergone deep levels of evaluation to attain such certification and that the performance 

and ethical standards required thereof are significant. Certification provides, therefore, a motivation 

for organizations to aim for excellence in their AI practices. 
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5.3. Examples of Accountability Measures 

Several examples illustrate how accountability measures are applied in different contexts. 

Predictive Maintenance Systems: With respect to periodic audits and monitoring, the AI 

systems for predictive maintenance on smart grids should be checked up routinely and periodically 

to avoid sudden collapse or malfunction. These audits are very important in recognizing any 

potential problem or malfunction that may occur in the systems. Continuous oversight maintains the 

reliability and effectiveness of the AI models, hence protecting the integrity of the smart grid and 

those issues arising that could lead to big operational problems related to maintenance. 

Load Forecasting Model: Accountability in load forecasting models is maintained by 

transparency reports. It gives an elaborate description of the model prediction, the used data, and the 

algorithms that have produced forecasts. By giving a clear insight into how decisions are made, 

transparency reports develop confidence among stakeholders, that is, regulatory compliances that 

could be trusted by utility companies, regulators, and consumers. 

Smart Grid Management: Ethical governance is fundamental for accountability in smart grid 

management systems. These systems are governed by ethical guidelines that mandate regular review 

and oversight. Ethical governance ensures that AI systems used in smart grid management are 

efficient, fair, and ethical in their operation. Regular ethical reviews assess the impact of AI decisions 

on various stakeholders and oversee that the systems operate in a manner that upholds ethical 

standards and promotes public trust. 

6. AI Bias and Fairness in Smart Grid Systems 

Imagine a scenario where an AI algorithm trained on historical data from affluent 

neighborhoods disproportionately allocated power resources to these areas during peak demand and 

neglected lower-income regions. This bias created blackouts in marginalized communities and led to 

skepticism regarding AI use in smart grids. Bias in AI relates to systematic errors that result in unfair 

outcomes like favoritism towards certain groups or discrimination against others. These biases can 

stem from various sources, including biased training data, algorithmic design flaws, and 

unintentional human biases embedded in the development process [44]. Fairness in AI algorithms 

aims to prevent such biases, ensuring that AI systems treat all individuals and groups equitably and 

without any form of discrimination [45]. In the context of smart grids, fairness is critical as AI 

algorithms are increasingly used to make decisions that affect resource distribution, access to 

services, and overall system efficiency. 

6.1. Identifying and Mitigating Biases in AI Applications for Smart Grids 

To address biases in AI applications for smart grid systems, it is essential first to identify their 

sources and manifestations. Biases can be detected through various methods, such as examining the 

training data for representativeness, analyzing algorithmic outputs for patterns of discrimination, 

and soliciting feedback from affected stakeholders [46]. Once biases are identified, several strategies 

can be employed to mitigate them: 

1. Data Preprocessing: This ensures that the training data is balanced and representative of all 

relevant groups. It involves techniques such as data augmentation, re-sampling, and the removal 

of biased data points [47]. 

2. Algorithmic Adjustments: Modifying algorithms can lead to the correction of identified biases. 

This includes adjusting the weighting of certain features, incorporating fairness constraints into 

the optimization process, and using bias mitigation algorithms [48]. 

3. Post-processing Corrections: This involves applying adjustments to the outputs of AI models 

to ensure fairer outcomes. Techniques such as re-ranking or recalibrating predictions to align 

with fairness criteria [49] can improve AI outputs. 

6.2. Strategies for Ensuring Equitable AI Outcomes 
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This calls for addressing the issue from multiple perspectives in order to ensure that AI 

applications in smart grid systems result in equitable outcomes. Some of the important strategies 

include: 

1. Stakeholder Involvement: Various sets of stakeholders must be involved in the design and 

deployment of AI systems so that all viewpoints and requirements of varied groups can be 

considered in order to provide fair and inclusive AI solutions [50]. 

2. Auditing Fairness: Regular fairness audits of the AI systems contribute to studying its impact 

on different groups and locating probable biases. These audits must be independent in order to 

give credibility and objectivity to the issue at hand [37]. 

3. Transparency and Accountability: It is important to have in place processes and mechanisms 

that ensure transparency and hold developers and operators responsible for fairness in AI 

systems. This includes clear documentation, explainability of decisions, as well as avenues for 

redress in case of perceived unfair outcomes.[51]. 

4. Regulatory Compliance: Conformity with legal and ethical standards that call for fairness in AI 

applications, among them anti-discrimination laws, data protection regulations, and sectorial 

regulations is very essential [52]. 

6.3. Case Studies on Fairness Issues 

6.3.1. Case Study 1: Smart Grids-Load Distribution: 

An AI system that was being used for the purpose of distributing the load in a smart grid was 

found to distribute undue share of power resources to rich neighborhoods, yielding frequent 

shortages in underserved communities. The problem lay in biases in the training data that had an 

overrepresentation of high-income areas. This skewed resource allocation decisions made by the AI 

model. Such biases were identified through a full-scale fairness audit. Later, they re-trained the AI 

model on a balanced dataset representative of all neighborhoods. Besides that, they added some 

fairness constraints in the algorithm to provide equal power to each and every community. Thus, 

they were able to rectify this disparity and worked toward equal access to energy resources for all 

communities. 

6.3.2. Case Study 2: Predictive Maintenance and Worker Safety: 

A predictive maintenance AI system was installed in a power plant and showed bias, favoring 

the shutdown of older pieces of equipment, which increased the frequency and amount of work in 

certain sections. This created grave areas of safety concern where the biased AI system would impact 

specific groups of people disproportionately. Subsequently, an independent review has shown this 

bias was enshrined in the algorithm. A revised algorithm was developed to consider those same 

factors non-discriminatorily, namely the age and condition of the equipment. The developers filtered 

biases and incomplete predictions of the need for maintenance. Additionally, training was given to 

operators to enhance their knowledge about the revised system, ensuring unbiased and timely 

maintenance. This has resulted in improving operational safety and distributing workloads more 

evenly across the workforce. 

6.3.3. Case Study 3: Renewable Energy Allocation: 

An AI model, built to perform the functions of renewable energy credit allocation, happened to 

favor large-scale commercial organizations rather than small businesses and residential users of such 

energies. This propensity resulted in an imbalance in the benefit distribution of renewable energy. 

Thus, smaller-scale users should benefit equally from such allocations. As a result, this required to 

be addressed through stakeholder engagements with representatives from small enterprises, 

residential user groups, and other affected parties. These discussions provided significant feedback 

that could be used to make modifications to the AI model while taking into account the demands and 

capacities of smaller users. The redesigned methodology distributes renewable energy credits in a 
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more equitable manner while ensuring access to renewable energy supplies. Thus, it assisted many 

more users in their effort to be sustainable. 

7. Privacy Concerns in Smart Grids 

Integrating AI into smart grid systems brings about privacy implications, particularly 

concerning the collection, usage, and sharing of data. Security and privacy are inherently 

interconnected, as vulnerabilities in AI systems can expose sensitive data to malicious cyber attacks. 

Cyber threats, such as unauthorized access, data breaches, and adversarial attacks on AI models, 

compromise the integrity of power grid operations and amplify privacy risks for consumers [53]. 

Thus, a dual focus on robust security mechanisms and privacy-preserving measures is needed to 

ensure that personal information remains protected while maintaining the reliability of power 

systems. 

AI-driven smart grids rely heavily on vast amounts of data to optimize operations, predict 

maintenance needs, manage loads, and integrate renewable energy sources. This data often includes 

sensitive information about consumers’ energy usage patterns, personal habits, and even real-time 

locations [54]. The collection of such granular data raises concerns about the potential for 

unauthorized access, misuse, and surveillance. Additionally, the usage of this data for training AI 

models and making operational decisions necessitates robust safeguards to ensure that personal 

information is protected and that data privacy is maintained. The sharing of data among various 

stakeholders, including third-party vendors, further complicates the privacy landscape, which 

requires stringent controls and clear guidelines to prevent breaches and unauthorized dissemination 

of sensitive information [31]. 

7.1. Best Practices 

To address privacy concerns in AI-driven power systems, adopting best practices for data 

protection and privacy preservation is crucial. Key practices include: 

1. Data Minimization: Collect only the data that is strictly necessary for the AI system to function 

effectively. This reduces the risk of sensitive information being exposed or misused [55]. 

2. Anonymization and Pseudonymization: Transform personal data into anonymous or 

pseudonymous forms, ensuring that individuals cannot be easily identified from the data sets 

used in AI models [56]. 

3. Encryption: Implement robust encryption techniques for data at rest and in transit to protect it 

from unauthorized access and breaches [57]. 

4. Access Controls: Establish strict access controls to limit who can view or manipulate sensitive 

data. This includes role-based access and regular audits to ensure compliance [58]. 

5. Transparency: Maintain transparency with consumers about what data is being collected, how 

it is used, and with whom it is shared. Providing clear privacy policies and obtaining informed 

consent are essential components of this practice [59]. 

6. Data Governance: Develop and enforce comprehensive data governance policies that outline 

procedures for data handling, storage, and sharing [60]. This ensures consistency and 

compliance with privacy standards across the organization. 

7.2. Legal and Regulatory Frameworks Governing Data Privacy 

Legal and regulatory frameworks play a pivotal role in governing data privacy in AI-driven 

smart grid systems. These frameworks set the standards for how personal data should be handled 

and protected by making sure that privacy rights are upheld. Notable regulatory instruments include: 

General Data Protection Regulation (GDPR): Applicable in the European Union, GDPR 

imposes strict requirements on data processing activities, including obtaining explicit consent, 

ensuring data portability, and implementing the right to be forgotten [61]. 

1. California Consumer Privacy Act (CCPA): In the United States, CCPA grants consumers rights 

over their personal data, including the right to access, delete, and opt out of the sale of their data 

[62]. 
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2. Smart Grid Privacy Policies: Various jurisdictions have specific policies aimed at protecting 

consumer privacy within smart grid systems [63]. These policies mandate secure data handling 

practices and consumer rights protection. 

3. Industry Standards: Organizations must also comply with industry-specific standards and 

guidelines, such as those from the National Institute of Standards and Technology (NIST) [64] 

or the International Organization for Standardization (ISO) [65], which provide frameworks for 

data protection and privacy. 

7.3. Privacy-Preserving Methods 

Several privacy-preserving techniques can be employed in AI applications within smart grids to 

ensure data privacy while enabling the benefits of AI: 

1. Differential Privacy: This technique introduces noise into data sets to prevent the identification 

of individuals, ensuring that AI models can learn from the data without compromising privacy 

[66]. 

2. Federated Learning: Instead of centralizing data, federated learning allows AI models to be 

trained across decentralized devices or servers holding local data samples [67]. This approach 

keeps personal data on local devices, reducing privacy risks. 

3. Homomorphic Encryption: This advanced encryption method allows computations to be 

performed on encrypted data without decrypting it first [68]. This ensures that sensitive data 

remains protected even during processing. 

4. Secure Multi-party Computation (SMPC): SMPC enables multiple parties to jointly compute a 

function over their inputs while keeping those inputs private [69]. This is particularly useful for 

collaborative AI projects involving multiple stakeholders. 

5. Data Masking: Involves obfuscating specific data within a data set to protect sensitive 

information [70]. This technique is useful for sharing data with third parties while preserving 

privacy. 

8. Ethical Challenges in AI Integration 

The role of AI in the smart grid systems is a balancing act that is both about the encouragement 

of innovation and following ethical considerations. The development and deployment of AI systems 

must be done responsibly, through thorough testing and validation, including adherence to ethical 

guidelines [71]. Indeed, it would be this kind of balance that would help prevent misuse and negative, 

unintended consequences that undermine the reliability and trustworthiness of power systems. 

8.1. Ethical Dilemmas and Societal Implications 

Ethical dilemmas arise about the deployment and decision-making of AI in instances when the 

goals of efficiency and optimization conflict with ethical values. [15]. For example, even though an 

AI system can be trained to distribute energy efficiently according to programmed aims, it may end 

up settling on economic efficiency and discrimination between areas, which translates to inequitable 

access to power. Such AI-driven decisions might result in existing biases or new forms of 

discrimination unless checked. These dilemmas outline the need for a robust ethical framework in AI 

development and implementation to ensure that decisions are made transparently and inclusively, 

with AI benefits shared equitably. 

AI-powered electricity systems will have profound impacts on society, starting from early 

energy access to job markets. While AI has the potential to revolutionize the sector through increased 

efficiency and resilience, it also introduces risks linked to job displacement due to automation and 

may further exacerbate various social inequalities [72]. The use of AI in smart grid systems will bring 

large social changes, and thus great care has to be taken to see the greater implications of its impacts. 

This means acquiring an understanding of how AI decisions affect so many kinds of communities, 

especially vulnerable populations, and mitigating those impacts by considering plans and policies 

that truly include them. 
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The involvement of several types of stakeholders makes sure that a wide array of perspectives 

and insights is considered; this is a way of ensuring that AI solutions are more inclusive and 

equitable. Independent bodies should perform ethical reviews of the suitability of AI applications to 

ensure ethical alignment prior to their deployment [73]. Therefore, there is a need for continuous 

monitoring of AI systems, whereby any issue arising thereof is identified and rectified during 

maintenance and processing while observing ethical principles during the entire life cycle of the AI 

application. 

8.2. Recommendations for AI Applications in Smart Grid Systems 

According to energy reports, the global smart grid market was estimated to be almost 50 billion 

USD in 2022 and the smart electricity meters are forecasted to increase by 45% between 2021 and 

20272. No doubt with the growth in digital infrastructure and smart grid adoption, AI systems will 

be deployed increasingly for various applications and thus it is necessary to prioritize ethical 

considerations. Future developments in AI should focus on making AI models more transparent and 

easier to understand to build trust among stakeholders. Investing in XAI techniques and ensuring 

detailed documentation and clear communication about AI processes can help achieve this goal. In 

addition, a culture of continuous learning and adaptation within organizations will help keep up 

with evolving AI technologies and new ethical challenges. Training programs and workshops for 

developers, operators, and policymakers can enhance their understanding of ethical AI practices and 

encourage the adoption of strong transparency measures [74]. 

Smart grid systems should integrate better mechanisms for oversight and governance to enhance 

accountability. This can include setting up independent ethical review boards that evaluate AI 

projects before and after deployment to ensure they meet ethical standards. Regular audits and 

evaluations should be established to monitor AI systems' performance and adherence to ethical 

guidelines [35]. Also, adopting industry-wide standards and certifications for ethical AI can provide 

a framework for consistent and accountable AI practices across the sector [75]. To develop these 

standards for the latest advancements, there must be collaborations between the industry, regulatory 

bodies, and academia. 

A proactive and comprehensive approach is needed to obtain fairness and privacy in AI 

applications. Organizations should implement data governance policies that focus on data 

minimization, anonymization, and secure data handling practices to protect user privacy [76]. 

Further, the participation of diverse groups in the design and implementation of AI systems can 

ensure that the perspectives and needs of different communities are considered, which would lead 

to more inclusive and fair AI solutions. Last but not least, privacy-by-design principles should be 

integrated into every aspect of AI development in the smart grid [77]. This approach ensures that 

privacy is embedded at the core of the AI system rather than being an afterthought. 

9. Conclusion 

As smart grid adoption continues to grow along with the digital infrastructure, AI applications 

in smart grid operations will also increase to improve efficiency, predictive capabilities, and 

optimized resource management. However, for global safety and alignment, it is necessary to ensure 

that ethical standards are first defined and upheld. Throughout this discourse, we proposed a 

framework grounded in transparency, accountability, fairness, and privacy tailored to the unique 

challenges of power grid systems. Through practical recommendations and real-world case studies, 

we illustrated how these principles can guide the ethical deployment of AI in the power sector. This 

framework is designed to support key stakeholders like power operators, policymakers, and 

technology developers in navigating the complex ethical dilemmas associated with AI-driven smart 

grids. Future work should focus on refining and operationalizing this framework through empirical 

testing and developing domain-specific metrics to evaluate ethical AI systems in smart grids. 

 
2 https://www.statista.com/topics/9349/smart-grids/#topicOverview 
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Additionally, addressing emerging challenges, such as the moral implications of integrating 

generative AI technologies into smart grids, will be crucial. 
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