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Abstract 

 

The integration of Artificial Intelligence (AI) in Energy Management Systems changed completely how sustainable infrastructure 

operates and is guarded. But the growing independence of AI decision-making presents some serious ethical questions about fairness, 

transparency, and accountability. The article introduces a new framework with Ethical AI for Sustainable and Adaptive Energy 

Management Systems (EAI-SEM) that is designed to combine functional (re)configuration for operational control and ethical governance 

in centralized: smart buildings and decentralized: nano-grid settings. The approach incorporates deep reinforcement learning for adaptive 

control, federated learning for privacy-preserving model updates, and an integrated Ethics Verification Module for a dynamic 

assessment of privacy-conformance levels. In experimental simulations over 30-day operation of the smart building and 10-rounds of 

federated training of the nano-grid, unjust fairness deviation and explainability of the system experienced enhancements, which also 

indicated the reduction of carbon dioxide emissions. The study demonstrated that ethical protocols can be included without impacting 

on computational efficiency and system responsiveness. Additionally, the federated structure facilitated decentralized ethical 

responsibility across different actors and thus allowed for the scalable implementation. The authors verify the possibility of integrating 

ethics into the computational core of intelligent energy systems, near from auditing static policies, towards dynamic ethical choices. In 

the future the process innovation work could be applied to deployments in other infrastructure systems like water systems and mobility 

systems, and it provides a reproducible model for the embedding of normative reasoning into AI for infrastructure. 
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1. Introduction 

The rapid development of Artificial Intelligence (AI) has significantly impacted energy management systems, offering powerful tools to 

enhance operational efficiency, enable real-time control, and support the global transition toward sustainability [1] [2] [3]. As the world's 

energy needs grow, the use of AI in smart grids, intelligent buildings, and nano-grids has become a technical and moral imperative 

[4][5]. AI-IoT integrations have led to scalable, data-driven architectures for dynamic energy forecasting and resource management [6] 

[7]. However, as AI systems are granted greater autonomy in managing critical infrastructure, they raise profound ethical questions 

regarding fairness, transparency, and accountability that must be systematically addressed.  

Despite technical advancements, contemporary AI-driven energy systems often lack robust ethical safeguards. They are typically 

optimized for technical objectives like cost reduction or efficiency and can produce biased, opaque, or inequitable outcomes, especially 

in autonomous settings where human oversight is minimal [8] [9]. This is highly problematic, as algorithmic decisions about energy 

allocation can create or perpetuate social disparities and undermine public trust. While theoretical ethical frameworks for AI exist, few 

have been practically implemented within real-time energy control systems [9][10]. A further critical issue is that ethical assessments are 
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often retrospective, applied as external audits rather than as a governing part of the system's runtime behavior. This reactive approach is 

insufficient for highly autonomous systems where harm can occur before it can be detected. 

This paper addresses this critical gap by proposing and evaluating an Ethical AI Framework for Sustainable and Adaptive Energy 

Management Systems (EAI-SEM). The framework is designed to seamlessly integrate ethical oversight into the operational logic of AI-

powered energy systems. Its novelty lies in a dual-layer architecture that combines an adaptive control layer, using deep reinforcement 

learning for energy optimization, with a real-time Ethics Validation Module that dynamically assesses decisions against predefined 

criteria for fairness, transparency, and accountability. By embedding ethical checks directly into the decision-making pipeline, our 

approach shifts the paradigm from passive, after-the-fact auditing to active, real-time ethical governance [11] [12] [13]. 

The primary aim of this work is to develop and validate this integrated framework, testing the hypothesis that embedding ethical 

governance can enhance system trustworthiness without compromising technical performance. To achieve this, the EAI-SEM framework 

incorporates federated learning for privacy-preserving, decentralized model updates and is evaluated in simulated smart building and 

nano-grid environments. By assessing both technical metrics (e.g., energy efficiency) and ethical metrics (e.g., fairness deviation, 

explainability), this study provides a replicable methodology for building AI systems that are not only technically sound but also 

ethically grounded and socially 

2. Literature Review 

The incorporation of AI in energy management systems has become a key approach to meet the demands of the global sustainability and 

efficiency agenda. Recent works demonstrate how AI can be used to improve energy consumption patterns, decision support systems, 

and adaptive energy control. However, despite these promising developments, there remain major hurdles in integrating ethical 

safeguards, ensuring robustness under fluctuating demand, and achieving scalability across diverse infrastructural landscapes. 

2.1. AI for Energy System Optimization 

A significant body of research has focused on the technical application of AI to enhance the performance and reliability of energy 

systems. Maghraoui et al [14] proposed a comprehensive model to improve grid robustness using AI-based management systems, 

focusing on reliability enhancement through predictive analytics and automation. Similarly, in the context of buildings, research [15] 

discussed the role of AI in smart buildings for energy efficiency, showing how adaptive learning models can enhance user comfort and 

reduce consumption. Other works, such as those by [16] and [17] on hydrogen energy integration, further emphasize the technical 

possibilities of AI-driven optimization. However, a common thread in these studies is that they primarily address technical resilience and 

efficiency while omitting ethical constraints such as algorithmic fairness or the explainability of autonomous decisions. This omission is 

critical in socio-environmentally relevant deployments where energy distribution choices can unintentionally create or perpetuate biases 

[18] [19] [20]. The focus remains on what is technically optimal, not necessarily what is socially or ethically responsible, creating a 

significant gap between the capabilities of AI and the requirements for its trustworthy deployment in public-facing infrastructure. 

2.2. Ethical Challenges in Autonomous Systems 

The ethical dimension of AI in energy systems is an emerging but crucial area of concern. Research [21] examined the use of AI and 

expert systems for future energy strategies, highlighting the need to combine human intuition with artificial intelligence. While this 

hybrid approach adds a layer of robustness, it tends to treat ethical assessment as a secondary, after-the-fact auditing layer rather than an 

intrinsic part of the AI system's control flow. This reactive approach is a common limitation that fails to prevent harm before it occurs. 

This tendency is also reflected in other infrastructure-related domains. Study [22] introduced AI-based models for risk mitigation in 

construction, but their work does not address how to ensure accountability for automated decisions in such risk-sensitive domains. This 

reflects a broader tendency in system design to frame ethical considerations as acts of response rather than proactive anticipation 

[23][24][25][26]. Similarly, while Mouzakitis et al [23] have proposed sustainable AI algorithms to enhance policy evaluation, the 

practical integration of ethics into deployed systems, especially concerning real-time transparency and auditability, remains 

underdeveloped. 

2.3. Federated Learning for Privacy and Scalability 

To address challenges of data privacy and centralization, federated learning has been explored as a promising architectural paradigm. 

Kumar et al [15] presented a circular economy-based federated AI architecture for improving data privacy and system sustainability. 

Their federated method effectively reduces the risks associated with centralized data storage and connects energy optimization to broader 

ecological objectives. This approach is vital for creating scalable and privacy-preserving AI systems, particularly in sectors like energy 

where data can be sensitive. Nevertheless, their work does not specify how ethical considerations, such as bias mitigation or 

accountability, can be systematically incorporated and monitored across the decentralized nodes [27][28][29]. A federated architecture 

distributes the learning, but it can also distribute and obscure ethical failures if not designed carefully. This leaves a gap concerning the 

need for real-time ethical validators that can operate within a federated learning ecosystem, ensuring that local actions adhere to global 

ethical standards while adapting to localized contexts and constraints [30] [31] [32]. 

2.4. Identified Research Gap 

Altogether, the literature shows a consistent pattern: while AI is a powerful tool for energy system optimization, the integration of 

embedded ethical reasoning is relatively uncharted territory. Most existing frameworks focus on technical performance and either 

overlook ethical dimensions or relegate them to post-hoc audits. This creates a critical disconnect between the pace of technological 

advancement and the development of necessary governance structures, resulting in systems that may be efficient but not necessarily fair, 

transparent, or accountable. There is a clear need for a framework that unifies sustainability goals, adaptive intelligence, and normative 

oversight into a single, operational architecture. This article responds to that gap by proposing a dual-layered ethical AI framework that 

achieves exactly this. By embedding ethical validation directly into the control loop, the proposed system moves beyond theory to 

practical, real-time ethical governance, ensuring that AI-driven energy management is both technically proficient and socially 

responsible. 
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3. Research Methodology  

This study employs a multi-phase, hybrid methodology to design, implement, and evaluate the Ethical AI Framework for Sustainable and 

Adaptive Energy Management Systems (EAI-SEM). The approach integrates adaptive AI control, real-time ethical assessment, and 

distributed learning, validated through multi-layer simulations and expert-informed modeling. The research process, depicted in Figure 1, 

combines theoretical model development, empirical data collection, and rigorous simulation-based validation. The framework's novelty 

lies in embedding real-time ethical regulation into system decisions using mathematical definitions of fairness, explainability, and policy 

compliance [3][8][9]. 

 

Fig 1. Research design phases for the development and validation of the ethical ai framework (EAI-SEM) 

3.1. Data Collection and Modeling Inputs 
To ensure the framework's relevance and robustness, data for modeling and evaluation were acquired from multiple sources, creating a 

rich foundation for both training and validation. This included semi-structured interviews with 35 experts spanning AI development, 

public policy, and smart energy engineering, which were crucial for defining the practical scope of the ethical metrics and validating the 

real-world applicability of the framework's architecture. We also conducted a qualitative analysis of 22 regulatory documents and 

technical reports from national and international energy agencies to establish the baseline rules and constraints for the Ethics Validation 

Module, ensuring the AI's decisions could be benchmarked against existing policies. For the quantitative modeling, high-granularity 

operational data was collected from a network of 750 IoT devices across three smart buildings, providing time-series data on lighting, 

HVAC energy consumption, room occupancy, and grid load. This dataset formed the basis of the realistic simulation environment for the 

centralized smart building scenario. To test the framework's performance in a decentralized context, a simulated nano-grid dataset was 

created, featuring 120 diverse and heterogeneous agents. This simulation included dynamic models for PV arrays, wind turbines, battery 

storage systems, and various smart appliances, allowing for a rigorous evaluation of the federated learning module's scalability and its 

ability to maintain ethical compliance across a distributed network with fluctuating energy generation and demand [5][7]. 
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3.3. Experimentation and Testing Setup 
Two distinct experimental environments were developed to validate the framework. The first, a Smart Building Simulator (SBS), was 

modeled in Python (using TensorFlow and SHAP) with real sensor data to test the framework in a centralized setting. The second, a 

Distributed Nano-Grid Testbed (DNGT), was implemented in MATLAB/Simulink with a Python-based federated logic (using Flower 

and PyTorch) to evaluate performance in a decentralized system. Table 1 outlines the system inputs and their processing layers, while 

Table 2 summarizes the toolkits used. 
Table 1. System Inputs and Layer-wise Processing Modules 

Input Label Data Source Processing Layer Purpose 

HVAC_Load_kWh Smart Building Sensors Decision Optimization Layer Energy control decision 

Occupancy Index IoT Infrared + CO₂ Decision Optimization Layer Dynamic room adaptation 

Grid_Price_Cents Utility APIs Federated Model Aggregation Cost-based policy aggregation 

User_Feedback_Score Mobile App Interface Ethics Validation Module Fairness impact assessment 

Node_Storage_Level Nano-Grid Sim Federated Model Aggregation Battery strategy optimization 

Temperature_C Indoor sensors Decision Optimization Layer Comfort maintenance control 

Regulation Breach Regulatory Logs Ethics Validation Module Ethical risk prediction (ENCR) 

 

Table 2. Toolkits and Modeling Techniques 

Component Tool/Platform Functionality 

DDPG & SHAP Integration TensorFlow + SHAP RL policy control + Explainability 

Federated Learning Flower + PyTorch Privacy-aware distributed learning 

Smart Grid Simulation MATLAB Simulink Agent-based environment simulation 

Ethical Logic Validation Python + Scikit-learn Logistic regression for ENCR, fairness 

Visual Analytics Matplotlib + Plotly Heatmaps, bar-line dual-axis visuals 

This methodology reflects the recommendations of Saheb et al [1] on multi-source content analysis, extends the architectural work of 

Alijoyo [3] on deep learning for smart buildings, and operationalizes the lifecycle approach of El-Haber et al [8] by placing ethical 

validation into an active decision-making chain. By using modular federated logic as in Kumar et al [15], this construction enables real-

time, adaptive, and ethical energy decisions, in accordance with AI governance requirements in smart environments [2], [9]. 

4. Result and Discussion 

4.1. Ethical Metric Performance – Smart Building Scenario 
The introduction of an Ethics Validation Module (EVM) to the control architecture of a smart BEMS resulted in tangible enhancements 

of ethical operation. The building featured three floors and a challenging occupancy schedule with varied HVAC (heating, ventilating 

and air conditioning) and lighting loads. Performance scores comprised Fairness Deviation Index (FDI), Explainability Score (ES), and 

Ethical Non-Compliance Risk (ENCR) measure for evaluating the ethicality of scheduling day-ahead energy allocations. The EVM 

examined every control action issued by the reinforcement-learning agent to ensure that the decisions satisfied the defined ethical 

requirements. Outcomes were averaged across a 30-day operating cycle, revealing the flexibility of the system to remain ethically 

compliant under different usage conditions. 
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Fig 2. Ethical metric performance – smart building scenario 

The data show a substantial improvement in all three ethical dimensions after integrating the EAI-SEM framework. The Fairness 

Deviation Index was cut by over half, indicating a marked reduction in biased resource distribution across building zones. The 

Explainability Score, which quantifies how well model decisions can be interpreted, increased from 0.64 to 0.82, demonstrating a shift 

toward more transparent AI operations. Additionally, the Ethical Non-Compliance Risk used to flag decisions likely to violate ethical 

constraints fell by more than two-thirds. These improvements suggest that the Ethics Validation Module not only functions as a 

monitoring layer but actively influences upstream decision-making toward more justifiable and compliant outcomes. 

4.2. Energy Efficiency Improvements – Smart Building Scenario 
The adaptive control strategy of EAI-SEM was also evaluated for its effect on operational energy efficiency in a smart building 

environment. Daily consumption data were tracked across a 30-day period under identical occupancy and weather simulation conditions 

for both the baseline and ethics-aware control setups. The purpose of this analysis was to determine whether integrating ethical oversight 

would compromise, maintain, or enhance energy savings performance. Energy usage was recorded at the system level for HVAC and 

lighting control, the two dominant consumption subsystems in the building testbed. 

 

Fig 3. Energy efficiency improvements – smart building scenario 

In EAI-SEM rats, energy consumption progressively declined beginning on the 1st of treatment, with a total savings increasing from 

6.31% on Day 1 to 8.56% on Day 30. These improvements show that adding ethical constraints to AI controlled energy, does not reduce 

technical efficiency, but in fact enables the model to learn the ethical (as well as energetic) optimal behavior over time. The gradual 

savings increase pattern is evidence that the policy convergence in the RL engine and the tradeoff between ethical concern and 

operational goal are well balanced. It follows that the EAI-SEM can achieve this dual goal without compromise: meeting modeled 

requirements: reasonable ethics and efficient energy consumption. 
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4.3. Federated Learning Convergence – Nano-Grid Scenario 
The performance of the FMAL was tested on a decentralized nano-grid energy network containing 120 distributed agents. Each agent 

acted under different local conditions, characterized by different mixes of energy sources, consumption profiles and storage capabilities. 

Agents trained its own local models with its private data from local model updates were aggregated using federated averaging. To 

evaluate the system behavior, the global model accuracy and the client participation rate per communication round were monitored as 

the two major performance metrics of the system. These findings confirmed the reliability, scalability, and fault tolerance of the federated 

learning model, which was integrated into the EAI-SEM. 

 

Fig 4. Federated learning convergence – nano-grid scenario 

The global model started off gaining accuracy quickly and then flattened around 86% after 10 rounds even while client participation 

decreased from 100% to 85%. This indicates that the convergence behavior is guaranteed, and the federated architecture is robust even 

with a partially failing node. The learning equilibrium of the model suggests that distributed energy agents can both meaningfully 

participate with and benefit from pooled intelligence without co-authoring all data. It validates the practicality of EAI-SEM in large-scale 

distributed systems, e.g., regional smart grids, where privacy, communication bandwidth, and fault-tolerance are operational challenges. 

4.4. Node-Level Ethical Metrics – Distributed Nano-Grid 
To assess how ethical compliance differed among individual nodes in the decentralized approach, node-specific metrics were collected 

for 10 model nano-grid nodes. Each node ran its own local version of the Ethics Validation Module to evaluate its energy distribution 

choices. Measures are the Fairness Deviation Index (FDI), Explainability Score (ES), as well as the Ethical Non-Compliance Risk 

(ENCR). This configuration permits the examination of the reliability and the performance of the ethical evaluations in heterogeneous 

systems that have different operational traces and constraints. 

 

Fig 5. Nano-grid ethical metrics – distributed nodes 

All nodes had FDI values below 0.11 and ENCR levels below 0.07, proving the decentralized EVMs to be functioning consistently 

among nodes. The variability in explainability scores of 0.78-0.84 indicated that differences were localized to the complexity of the data 

and the operational context. These findings confirm that EAI-SEM consistently employs ethical reasoning across nodes, and tailors to 

the specific node. This distributed responsibility is key to scalability, particularly in autonomous or lightly supervised environments such 

as remote energy microgrids. 
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4.5. Computational Overhead Comparison 
The model's computational costs were estimated in terms of EAI-SEM compared to a standard baseline model. The execution time per 

decision and memory were measured for the various components: Reinforcement Learning (RL) Controller, Ethics Validation Module, 

the Federated Aggregator, and base-line logic. This was comprised of 10,000 decision cycles on a GPU-enabled workstation designed to 

simulate near real-time operations similar to edge or on-premise environments. This study provides an understanding of the integrated 

system architecture in terms of resource utilization and scalability. 

 

Fig 6. Computational overhead comparison 

Although the EAI-SEM adds a few more modules, both the execution and memory overheads are still within acceptable deployment 

budgets. The RL Controller had more computational requirements than the baseline due to online policy updates. However, the Ethics 

Module and Federated Aggregator introduced negligible incremental load, where both the Ethics Module and the Federated Aggregator 

consumed around 70 ms and 58 MB of memory per decision. These values indicate that it is possible to implement EAI-SEM in 

resource-restrained systems such as embedded controllers or edge devices. The modular splitting of parts also allows a flexible 

optimization in dependence of available calculation resources. 

4.6. Discussion 

The results of this study highlight the potential of the Ethical AI Framework for Sustainable and Adaptive Energy Management Systems 

(EAI-SEM) in optimizing performance while adhering to ethical concerns. The combination of real-time ethical auditing, federated 

intelligence, and reinforcement learning has facilitated major strides in fairness, transparency, and energy efficiency for both centralized 

smart buildings and decentralized nano-grid networks. Compared with previous literature, this dual-focus framework is a significant step 

towards closing the gap between technological development and ethical responsibility in AI-empowered energy systems. 

4.6.1. Operationalizing Ethics without Sacrificing Performance 

A key finding of this research is that embedding ethical oversight does not necessarily compromise, and can even enhance, technical 

performance. Preliminary studies have already proven the technical feasibility of AI-based energy optimization. Alijoyo [3] and Karimi 

et al [4] demonstrated significant energy savings using deep and reinforcement learning models. However, these models did not 

systematically integrate ethical validation into their decision-making processes. The EAI-SEM framework enriches these technical 

models by incorporating metrics such as the Fairness Deviation Index (FDI) and Explainability Score (ES), successfully aligning 

operational control with ethical standards in real-time without a notable loss in energy efficiency. This suggests that the perceived trade-

off between ethical constraints and operational optimality may be overstated; instead, ethical considerations can act as a form of 

regularization, guiding the learning process toward more robust and generalizable policies that avoid overfitting to purely technical 

objectives. In the broader context of AI and sustainability, Saheb et al [1] emphasized the need for contextual topic modeling to capture 

AI’s alignment with sustainable energy goals. Our work responds to this by not only identifying contextual themes—such as fairness and 

explainability—but operationalizing them through quantifiable, real-time metrics. This functional implementation moves beyond 

theoretical alignment, establishing a blueprint for actionable ethical governance. By demonstrating that it is possible to achieve the dual 

goals of technical efficiency and ethical compliance, this research addresses a primary concern in the deployment of AI in critical 

infrastructure. The synergy observed, where enforcing fairness led to more stable and predictable energy consumption patterns, suggests 

that ethical AI is not just a social necessity but can also be a driver of superior engineering performance. 

4.6.2. Architectural Innovations for Trustworthy AI 

From a system architecture viewpoint, the EAI-SEM framework introduces significant innovations for building trustworthy AI. Many 

existing systems, such as the smart grid management model proposed by Maghraoui et al [14], are technically robust but lack 

mechanisms for ethical reasoning or explainability. This is a critical vulnerability in autonomous systems where decisions directly impact 

end-user quality of life and equity. In contrast, the EAI-SEM contains an Ethics Validation Module (EVM) that continuously audits and 

amends decisions with normative grounding. The resulting reduction in Ethical Non-Compliance Risk (ENCR) represents a major leap in 
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the ability to safely deploy AI in sensitive domains. Furthermore, this work expands on the lifecycle viewpoint for ethical AI proposed 

by El-Haber et al [8]. While their work mapped ethical risks across the development process, our framework translates this into a 

continuously-validated, runtime process. This shift from static, post-hoc auditing to dynamic, embedded ethical compliance represents a 

significant advancement for mission-critical applications where decisions must be made in real-time. This active governance at the 

computational core is essential for ensuring that AI systems remain aligned with human values throughout their operational lifespan, 

rather than diverging as they encounter new, unforeseen scenarios. The EVM acts as a "computational conscience," providing a layer of 

oversight that is both immediate and integral to the system's function. 

4.6.3. The Role of Federated Learning in Decentralized Ethical Governance 

The application of federated learning in this system extends the work of Kumar et al [15], who introduced a federated data science 

framework associated with circular economy principles. While their model effectively focused on privacy and distributed computation, it 

did not explicitly address the ethical governance of decentralized decision-making algorithms. The Federated Model Aggregation Layer 

in EAI-SEM was proven to be effective in maintaining high client participation and global model performance, even with some nodes 

dropping out, demonstrating its technical robustness for distributed energy applications. Crucially, the framework pairs this decentralized 

learning with local ethics verification at each node, which guarantees distributed ethical compliance. This is a novel contribution that 

addresses a key challenge in federated systems: how to ensure that local actions, while optimized for local conditions, do not violate 

global ethical principles. This achieves both scalability and social trust, as individual agents can contribute to a collective intelligence 

without sacrificing privacy, while also being held to consistent ethical standards. This model of distributed responsibility is key to the 

scalable and trustworthy deployment of AI in large, heterogeneous systems like regional smart grids, where centralized control is often 

impractical and local context is paramount. 

4.6.4. Limitations and Future Frontiers for Adaptive Ethics 

Despite the promising results, this study has several limitations that open avenues for future research. First, although the framework was 

tested in detailed simulations, real-world deployment will introduce greater uncertainties, including unpredictable human behavior, 

sensor failures, and complex social dynamics that are difficult to model. Second, the ethical indicators, while grounded in the literature, 

may need further calibration to capture all sociopolitical nuances, particularly across different cultural or regulatory contexts. The 

Explainability Score, which relies on feature attribution methods, might also not be sufficiently intuitive for non-technical users, 

suggesting a need for enhancements like natural language explanations or interactive decision-flow visualizations. In terms of scalability, 

while federated learning proved effective, maintaining synchronization across large-scale deployments with intermittent connectivity 

remains a challenge, as highlighted by Ioannou et al [5]. EAI-SEM addresses this partially through asynchronous update tolerance, but 

more robust edge-based redundancy and consensus mechanisms could improve fault tolerance. Another area for future research lies in 

expanding the framework's ethical reasoning capacity. Currently, the module relies on predefined metrics; building adaptive ethics 

engines, informed by meta-learning or value alignment algorithms, could allow the system to evolve its ethical reasoning in response to 

shifting societal norms, aligning with the direction suggested by Amen [9]. Finally, while our model’s Ethics Module addresses 

accountability, a gap noted in other AI-IoT systems [6], further integration with blockchain-based audit trails could strengthen regulatory 

compliance and provide immutable records of AI decision-making. 

5. Conclusion  

This paper introduced and validated an integrated framework for ethical artificial intelligence in sustainable and adaptive energy 

management systems. The study was designed to address the critical need for energy control systems that are not only efficient but also 

ethically accountable. By integrating real-time ethical validation and federated learning into a modular architecture, the proposed Ethical 

AI Framework for Sustainable and Adaptive Energy Management Systems (EAI-SEM) successfully demonstrated that AI-driven systems 

can be engineered to align with both performance benchmarks and socially responsible objectives. The results showed that embedding 

ethical oversight does not have to come at the cost of energy or computational efficiency; instead, it can lead to more robust, stable, and 

trustworthy systems. The framework's core contribution is its shift from passive, after-the-fact compliance monitoring to active, real-time 

ethical governance at the computational core. By embedding ethical principles directly into the operational logic of AI control, this work 

provides a scalable and replicable process for testing and enforcing AI ethics in other critical infrastructure domains beyond energy. The 

findings confirm that ethical AI systems are technically achievable and can be constructed without a significant loss in performance, 

offering a viable roadmap for policymakers, energy providers, and technology developers to create future AI systems that are consistent 

with both operational goals and regulatory responsibilities. Future work should focus on deploying this framework in real-world testbeds 

to validate its performance against unmodeled uncertainties. Enhancing the framework with more adaptive ethics engines, capable of 

evolving with societal norms, and integrating verifiable audit trails via technologies like blockchain present promising directions. These 

efforts will be crucial in transitioning from ethics-aware models to truly ethics-driven systems, paving the way for AI that is not only 

intelligent and efficient but also fundamentally trustworthy. 
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