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Abstract 

The increasing diffusion of Renewable Energy Communities offers new opportunities to 
support vulnerable households through locally generated renewable energy. However, 
current Home Energy Management Systems mainly optimize energy efficiency and cost 
reduction, while providing limited support for protecting critical household loads under 
constrained energy availability. This paper proposes an AI-based Energy Guardianship 
framework that combines a commissioning phase, in which a Local Appliance Atlas is 
created from the electrical signatures of the appliances actually installed in a specific 
dwelling, with an online phase that identifies operating appliances from aggregated meas-
urements and dynamically allocates available energy according to appliance priority. Ap-
pliance identification is performed using rich electrical signatures including transient be-
havior, dynamic V-I trajectories, harmonic information, power profiles, and conventional 
electrical features extracted from aggregate voltage and current measurements. Unlike 
conventional home energy management systems, where appliance identification is mainly 
used to optimize energy consumption, the proposed framework exploits NILM infor-
mation to support socially aware decisions that preserve critical services while delaying 
or limiting non-essential loads. A low-cost monitoring architecture is developed to recog-
nize household appliances through electrical signatures and classify loads according to 
their criticality. When power thresholds are approached, the system recommends de-
mand-side actions, postpones non-essential consumption, and protects critical devices. 
Preliminary simulation scenarios demonstrate the feasibility of the proposed framework 
in protecting vulnerable users under limited energy availability while simultaneously im-
proving photovoltaic self-consumption and reducing dependence on grid energy. Alt-
hough optimization is not the primary objective, the framework naturally supports re-
newable-aware energy scheduling and future interaction with energy service providers. 

Keywords: NILM; AI; energy poverty; smart energy management; photovoltaic  
scheduling; human-centric approach; renewable energy communities 
 

1. Introduction 
The increasing electrification of modern society has significantly improved living 

standards, technological accessibility, and the diffusion of electrically powered services 
within residential environments. However, a growing number of households are experi-
encing conditions of energy poverty, characterized by limited access to affordable and 
reliable electricity. This phenomenon particularly affects vulnerable users, including 
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elderly people, low-income families, and individuals relying on electrically powered med-
ical or essential domestic appliances. In these situations, limited contractual power, inter-
mittent renewable energy availability, or economic constraints may prevent the simulta-
neous operation of all household loads, making intelligent energy allocation a critical re-
quirement rather than a simple optimization problem. Ensuring the continuity of supply 
for critical appliances therefore becomes a fundamental objective for future residential 
energy management systems. 

Unlike conventional residential energy management, the challenge addressed in this 
work is not simply to reduce energy consumption or electricity costs, but to determine 
which appliances should continue operating when the available energy is insufficient to 
satisfy all household demands. 

At the same time, the widespread deployment of smart meters, low-cost sensing tech-
nologies, residential photovoltaic systems, and battery storage has accelerated the devel-
opment of advanced Home Energy Management Systems (HEMS). Modern HEMS in-
creasingly exploit Artificial Intelligence (AI) to optimize energy consumption, reduce elec-
tricity costs, maximize photovoltaic self-consumption, and support demand response 
strategies. While these approaches have demonstrated remarkable effectiveness in im-
proving residential energy efficiency, their primary objective remains the optimization of 
energy flows and economic performance. 

However, situations of energy scarcity require a fundamentally different decision cri-
terion. When the available energy is insufficient to satisfy all household demands, the cen-
tral question is no longer how to optimize energy consumption, but which appliances 
should continue operating to protect user well-being. Current HEMS generally treat elec-
trical loads according to economic or operational criteria and rarely incorporate appliance 
criticality, health relevance, or user vulnerability into the supervisory decision process. 
Consequently, the protection of vulnerable users remains largely outside the scope of con-
ventional residential energy management systems. 

To enable this transition from energy optimization to human-centered energy man-
agement, reliable identification of the operating household appliances becomes a funda-
mental prerequisite. This requirement naturally motivates the adoption of Non-Intrusive 
Load Monitoring (NILM) techniques as the sensing layer of the proposed Energy Guard-
ianship framework. 

Non-Intrusive Load Monitoring has become one of the most effective techniques for 
identifying household appliances from aggregate electrical measurements acquired at a 
single monitoring point [1,2]. Recent advances in machine learning and deep learning 
have considerably improved appliance recognition accuracy by exploiting steady-state 
electrical parameters, transient characteristics, harmonic content, and Voltage-Ccurrent 
(V-I) signatures [3–5]. Consequently, NILM has become a key enabling technology for 
smart homes, demand response, and residential energy management. 

However, the objective of the proposed framework differs substantially from conven-
tional NILM applications, focusing on energy optimization [6–9]. Rather than performing 
universal appliance recognition, the proposed Energy Guardianship framework adopts a 
house-specific commissioning strategy. During an initial commissioning phase, only the ap-
pliances actually installed within the monitored dwelling are individually characterized 
through a comprehensive set of electrical descriptors—including dynamic V-I trajectories, 
transient behavior, harmonic features, and conventional electrical measurements—and 
stored in a Local Appliance Atlas. During normal operation, the aggregated household sig-
nal is continuously compared exclusively with this local atlas, enabling reliable identifica-
tion of the active appliance within a limited and previously known classification space. 

This strategy considerably reduces the complexity of the identification problem while 
reflecting the practical deployment of residential energy management systems, where the 
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set of installed appliances changes infrequently and can be characterized during installa-
tion or subsequent maintenance operations. More importantly, within the proposed 
framework appliance identification is not an end, but the enabling stage for socially aware 
supervisory decisions aimed at protecting vulnerable users during periods of constrained 
energy availability. 

This paper proposes a human-centric AI-assisted energy management framework 
specifically designed for residential users affected by energy poverty conditions [10,11]. 
The proposed system integrates NILM techniques, electrical load signature analysis, and 
intelligent decision-making algorithms to dynamically manage household appliances ac-
cording to available energy resources, photovoltaic generation, battery availability, and 
user-defined priority levels. Unlike conventional NILM applications aimed at universal 
appliance recognition, the proposed framework adopts a house-specific commissioning 
strategy. During installation, the electrical signatures of the appliances present in the 
dwelling are acquired and stored in a local appliance atlas. During normal operation, ap-
pliance identification is therefore performed by comparing the aggregated electrical meas-
urements only with these previously commissioned signatures, significantly reducing the 
complexity of the recognition task while improving its reliability. The framework contin-
uously monitors the aggregate electrical demand, identifies the active loads, and evaluates 
whether the requested appliance should be allowed, delayed, limited, or denied. 

A key contribution of the proposed methodology is the introduction of an ethical 
load prioritization mechanism capable of distinguishing critical appliances from flexible 
or non-essential loads. In this way, the system aims to guarantee the operation of health-
related and essential devices while optimizing the allocation of limited energy resources 
and improving photovoltaic self-consumption or energy communities [12]. The proposed 
approach is intended for applications in low-income households, weak-grid or off-grid 
systems, emergency residential conditions, and energy-constrained smart homes. 

The main contributions of this paper can be summarized as follows: 

1. A human-centric AI-based architecture for residential energy management under en-
ergy poverty conditions [13]; 

2. The integration of NILM techniques with intelligent load orchestration and ethical 
energy allocation; 

3. A load prioritization strategy based on appliance criticality, flexibility, and user vul-
nerability; 

4. An adaptive decision-making framework capable of dynamically allowing, postpon-
ing, limiting, or denying appliance activation according to available energy resources 
[14–20]; 

5. Preliminary simulation scenarios demonstrating the feasibility of the proposed ap-
proach in residential photovoltaic systems with constrained power availability. 

The remainder of the paper is organized as follows. Section 2 describes Renewable 
energies communities and the energy poverty problem. Section 3 presents the proposed 
system architecture and the NILM-based monitoring framework. Section 4 describes the 
mathematical formulation of the ethical energy allocation problem and the AI-based de-
cision engine. Section 5 presents simulation scenarios and preliminary results. In Section 
6 a brief discussion on the policy clusters emerging from the literature. Finally, Section 7 
concludes the paper and discusses possible future developments. 
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2. Renewable Energy Communities, Energy Poverty and  
Vulnerable Users 

Renewable Energy Communities (RECs) have emerged as one of the most promising 
instruments for supporting the European energy transition, enabling the active participa-
tion of citizens, local authorities, small enterprises, and other stakeholders in decentral-
ized renewable energy production and consumption. Their legal foundation was estab-
lished through the European Clean Energy for All Europeans Package, particularly Di-
rective (EU) 2018/2001 on the promotion of renewable energy sources (RED II) and Di-
rective (EU) 2019/944 on common rules for the internal electricity market. These directives 
introduced the concepts of Renewable Energy Communities and Citizen Energy Commu-
nities, recognizing their role in fostering renewable energy deployment, increasing energy 
efficiency, strengthening local energy resilience, and delivering environmental, economic, 
and social benefits to community members [21–23]. 

The implementation of energy communities has expanded rapidly across Europe, 
although significant differences remain among Member States due to variations in regu-
latory frameworks, market structures, and incentive mechanisms. Recent studies have 
highlighted both the opportunities and challenges associated with energy communities, 
including governance models, citizen engagement, regulatory barriers, economic sustain-
ability, and the integration of distributed energy resources into local energy systems [24–
31]. Mapping activities conducted at the European level indicate a continuous growth in 
the number of operational communities, confirming their relevance as a key pillar of a 
decentralized and participatory energy system [32–35]. 

In Italy, Renewable Energy Communities were initially introduced through the provi-
sions of Decree-Law No. 162/2019 (“Milleproroghe”), which anticipated some of the 
measures contained in RED II and enabled the first pilot initiatives of collective self-con-
sumption and shared renewable generation [26]. A comprehensive legal framework was 
subsequently established through Legislative Decree No. 199/2021, which formally trans-
posed RED II into the Italian regulatory system and defined the organizational, technical, 
and economic requirements for Renewable Energy Communities [27–29]. More recently, 
Ministerial Decree No. 414/2023 established the operational incentive scheme for energy 
sharing, introducing a dedicated tariff mechanism and financial support measures aimed at 
accelerating the deployment of community-based renewable generation throughout the 
country [30]. 

The Italian experience is particularly relevant because it combines environmental ob-
jectives with social and territorial development goals. Several studies have emphasized 
the strategic role that local administrations, public institutions, and community organiza-
tions can play in facilitating the creation and long-term sustainability of Renewable En-
ergy Communities [35–37]. Furthermore, Italian research has demonstrated that energy 
communities can contribute not only to increasing renewable energy penetration and re-
ducing electricity costs but also to promoting social cohesion and local participation in 
energy governance processes [33,38,39]. In this context, Renewable Energy Communities 
can represent an effective instrument for addressing energy poverty and supporting vul-
nerable consumers, particularly when combined with advanced digital technologies ca-
pable of improving energy management and demand-side flexibility. 

Although Renewable Energy Communities promote the sharing of locally generated 
renewable energy, they do not inherently define how limited energy resources should be 
allocated among participating households during periods of energy scarcity. Existing 
frameworks mainly regulate energy sharing from technical and economic perspectives, 
whereas the protection of vulnerable users and the prioritization of critical electrical 



Energies 2026, 19, 3506 5 of 48 
 

https://doi.org/10.3390/en19153506 

services remain largely unexplored. This gap motivates the need for supervisory Energy 
Guardianship strategies capable of supporting socially aware energy allocation. 

Despite the growing body of literature on Renewable Energy Communities, rela-
tively limited attention has been devoted to the specific challenges faced by vulnerable 
households operating under contractual power limitations, economic constraints, or de-
pendence on critical electrical appliances. This gap becomes particularly relevant in the 
context of energy poverty, where access to affordable and reliable electricity remains a 
major concern. Consequently, the integration of Artificial Intelligence techniques and 
Non-Intrusive Load Monitoring systems within Renewable Energy Communities may 
provide new opportunities for developing user-centered energy governance frameworks 
capable of identifying household loads, prioritizing essential services, supporting in-
formed energy decisions, and enhancing the social inclusiveness of the energy transition. 

Despite the significant opportunities offered by Renewable Energy Communities, a 
substantial portion of European citizens continues to experience difficulties in accessing 
affordable and reliable energy services. Energy poverty has emerged as a major socio-
economic challenge within the European Union and has become increasingly relevant in 
the context of the ongoing energy transition. According to the European Commission, en-
ergy poverty refers to a situation in which households are unable to access essential en-
ergy services necessary to guarantee an adequate standard of living, including heating, 
cooling, lighting, domestic hot water, and the operation of electrical appliances [40,41]. 
The phenomenon is multidimensional and results from the interaction of low household 
income, poor energy efficiency of buildings, rising energy prices, and limited access to 
renewable energy technologies [42]. 

Recent energy crises and fluctuations in electricity and gas prices have further high-
lighted the vulnerability of millions of European citizens. Studies indicate that energy pov-
erty is not limited to economically disadvantaged households but also affects elderly people, 
individuals with chronic health conditions, persons with disabilities, and families living in 
inefficient dwellings [43–45]. Consequently, energy poverty is increasingly recognized not 
only as an economic issue but also as a matter of public health, social equity, and energy 
justice. Long-term exposure to inadequate indoor temperatures and restricted energy use 
has been associated with adverse health outcomes, reduced quality of life, and social exclu-
sion [44,46]. 

The concept of vulnerable energy users has therefore gained increasing attention in 
European energy policies. Vulnerable consumers are generally characterized by a reduced 
capacity to cope with energy-related risks and may depend on electricity for critical ser-
vices essential to their well-being and safety. Examples include households relying on 
medical devices such as oxygen concentrators, refrigerated medicines, mobility support 
systems, for example Continuous Positive Airway Pressure (CPAP) equipment. In such 
situations, involuntary power interruptions or excessive restrictions in electricity con-
sumption may have consequences that extend beyond economic hardship and directly 
affect health and personal safety [40,42]. 

Renewable Energy Communities have recently been identified as a promising mech-
anism for mitigating energy poverty by facilitating access to locally generated renewable 
electricity and promoting a more equitable distribution of energy benefits among partici-
pants [47,48]. However, most existing approaches focus primarily on maximizing self-
consumption, optimizing economic returns, and improving community-level energy effi-
ciency. Comparatively less attention has been devoted to the development of intelligent 
mechanisms specifically designed to identify, support, and protect vulnerable users under 
conditions of limited energy availability or contractual power constraints [49]. 

The proposed Energy Guardianship framework is therefore conceived as a supervi-
sory layer that complements, rather than replaces, conventional Home Energy 
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Management Systems. While HEMS primarily optimize energy consumption, costs, and 
renewable energy utilization, Energy Guardianship introduces socially aware decision 
criteria to ensure that limited energy resources are preferentially allocated to appliances 
supporting vulnerable users and essential household services. 

3. Proposed System Architecture 
The proposed framework is designed as an intelligent residential energy manage-

ment architecture capable of assisting vulnerable users operating under conditions of lim-
ited energy availability, contractual power constraints, or fluctuating renewable energy 
generation. The system integrates Non-Intrusive Load Monitoring, electrical load signa-
ture analysis, photovoltaic-aware energy management, and AI-based decision-making 
mechanisms to dynamically coordinate household electrical loads according to both tech-
nical and social constraints. 

Unlike conventional Home Energy Management Systems, the proposed framework 
operates through two complementary phases. During an initial commissioning phase, the 
electrical signatures of the appliances installed in the monitored dwelling are individually 
acquired and organized into a local appliance atlas. During normal operation, the aggre-
gated electrical signal is continuously analyzed and compared exclusively with these pre-
viously commissioned signatures. Consequently, appliance identification is performed 
within a known residential environment rather than through universal appliance classifi-
cation. This strategy significantly improves robustness while reducing the complexity of 
the recognition problem. Figure 1 illustrates the overall workflow of the proposed com-
missioning and online operation phases. 

 

Figure 1. Proposed two-phase Energy Guardianship framework. (1) Commissioning phase (offline): 
a Local Appliance Atlas is created by measuring each appliance individually (1.1), extracting elec-
trical signatures and features (1.2), and storing representative dynamic V–I signatures together with 
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the associated electrical descriptors (1.3). (2) Online operation (real-time): the aggregated household 
signal is acquired (2.1), electrical features are extracted (2.2), compared with the Local Appliance 
Atlas (2.3), and used to identify the operating appliance (2.4). The identified load is then assigned a 
priority level (2.5), enabling the Energy Guardianship system to decide whether the load should be 
allowed, delayed, limited, or disconnected according to the available energy resources (2.6). 

As illustrated in Figure 1, the framework is organized into two complementary 
phases: Commissioning (Offline) and Online Operation (Real-Time). 

During the Commissioning Phase, each appliance installed in the dwelling is measured 
individually under controlled operating conditions. For every appliance, voltage and cur-
rent waveforms are acquired and a comprehensive set of electrical descriptors is extracted 
(Vrms, Irms, active, reactive and apparent power, power factor, peak values, crest factors), tran-
sient characteristics associated with switching events, harmonic components, and particu-
larly the dynamic V-I trajectory, which represents the temporal evolution of the appliance 
electrical behavior. The extracted information is stored in a Local Appliance Atlas, repre-
senting the electrical fingerprint of all appliances installed in that specific house. 

The proposed approach therefore creates a house-dependent electrical atlas, rather 
than relying on a universal appliance database. This reflects the practical commissioning 
procedure that can be performed once during installation and updated whenever appli-
ances are replaced or new devices are introduced. 

During the Online Operation Phase, only the aggregated voltage and current measured 
at the household supply point are available. The same set of electrical features is extracted 
in real time from the aggregated signal and compared with the signatures stored in the local 
appliance atlas. The appliance exhibiting the highest similarity is identified as the active 
load. Since the comparison is limited to the appliances present in the home, the identification 
task becomes significantly more reliable than general-purpose appliance classification. 

Once the operating appliance has been identified, the supervisory Energy Guardian-
ship algorithm evaluates its assigned priority together with the currently available energy 
resources (photovoltaic production, battery state-of-charge, and grid availability). Ac-
cording to this assessment, the system determines whether the appliance should be sup-
plied without restriction, temporarily delayed, power-limited, or disconnected. Conse-
quently, appliance identification is not an end in itself but constitutes the enabling stage 
for intelligent and socially oriented energy allocation decisions. 

This two-stage architecture clearly separates the creation of the appliance knowledge 
base from the real-time supervisory control process, allowing the proposed framework to 
combine reliable appliance identification with ethical energy management for vulnerable 
households. 

Furthermore, the proposed framework can be integrated within Renewable Energy 
Communities, where the availability of locally generated renewable electricity varies 
throughout the day according to photovoltaic production profiles and community con-
sumption patterns. In this context, AI-based decision support can contribute to improving 
the allocation of shared renewable energy resources, maximizing the benefits delivered to 
vulnerable users while maintaining the overall efficiency of the community. Such an ap-
proach extends the traditional concept of demand-side management toward a broader 
vision of socially aware energy governance. 

The overall architecture of the proposed system is composed of six main layers: 1 
Electrical Data Acquisition Layer (hardware); 2 Event Detection Layer; 3 Load Identifica-
tion Layer; 4 Energy Constraint Assessment Layer; 5 AI-Based Decision Layer; 6 Load 
Actuation and User Feedback Layer. 
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A. Electrical Data Acquisition Layer 

The first layer of the proposed architecture is responsible for acquiring and prepro-
cessing the electrical information required by the subsequent NILM and AI-based deci-
sion-making modules. Since the framework is intended for large-scale deployment in res-
idential environments and for vulnerable households characterized by limited economic 
resources, the monitoring infrastructure has been deliberately designed according to a 
non-intrusive philosophy. Unlike conventional appliance-level monitoring systems, 
which require dedicated sensors for each load, the proposed solution relies on a single 
measurement point installed at the entrance of the residential electrical system. This ap-
proach significantly reduces installation costs, minimizes user intervention, and facilitates 
integration into existing homes and Renewable Energy Communities. 

The acquired electrical quantities provide a comprehensive representation of the in-
stantaneous operating condition of the household and constitute the primary input for 
load identification and energy management algorithms. The monitored variables include 𝑉(𝑡), 𝐼(𝑡),𝑃(𝑡),𝑄(𝑡),𝑃𝐹(𝑡) 

where V(t) is the measured voltage, I(t) is the aggregate current absorbed by the house-
hold, P(t) is the active power, Q(t) is the reactive power, and PF(t) represents the power 
factor. These measurements constitute the raw information used both during the commis-
sioning phase to generate the Local Appliance Atlas and during online operation to iden-
tify active appliances from aggregated measurements. 

In addition to conventional electrical measurements, the framework also considers 
information related to distributed energy resources and local renewable generation. The 
increasing diffusion of photovoltaic systems and residential energy storage devices re-
quires the energy management algorithm to continuously evaluate the availability of local 
energy resources. Therefore, the following variables are acquired: 𝑃௉௏(𝑡), 𝑆𝑂𝐶(𝑡),𝐸௕௨ௗ௚௘௧(𝑡) 

where 𝑃௉௏(𝑡)  denotes the instantaneous photovoltaic power generation, SOC(t) repre-
sents the battery State of Charge, and 𝐸௕௨ௗ௚௘௧(𝑡) indicates the available energy budget 
allocated to the user over a predefined time horizon. 

The integration of these variables enables the framework to evaluate not only current 
consumption patterns but also the expected availability of renewable energy resources. Such 
information is particularly important when supporting vulnerable users operating under 
contractual power limitations or during periods of reduced photovoltaic production. 

Figure 2 illustrates the overall conceptual architecture of the proposed AI-based En-
ergy Guardianship framework. The figure highlights the interaction between electrical 
measurements, NILM-based appliance identification, renewable energy monitoring, and 
the intelligent decision-making module responsible for supporting vulnerable users 
through adaptive load management strategies. 



Energies 2026, 19, 3506 9 of 48 
 

https://doi.org/10.3390/en19153506 

 

Figure 2. Proposed workflow of the Energy Guardianship framework. The process starts from the 
acquisition of aggregated electrical measurements after a variation on requested power (red circle), 
from which load activation events are detected using NILM techniques. Electrical features are then 
extracted and compared with the Local Appliance Atlas to identify the operating appliance. The 
identified load is evaluated according to the available energy resources (photovoltaic generation, 
battery state of charge, and grid power limit). The Energy Guardianship Engine combines the avail-
able energy with the appliance Priority Index (PI) and user-related constraints to determine the most 
appropriate action (allow, delay, limit, or disconnect). Finally, the selected control action is applied 
to the appliance, user feedback is provided, and the monitoring process continues in a closed loop, 
enabling continuous adaptation of the system while protecting vulnerable users and maximizing 
the utilization of available energy. 

B. NILM Event Detection Layer 

The second layer of the framework is responsible for identifying significant varia-
tions in aggregate electrical demand associated with appliance activation or deactivation. 
Since only global household measurements are available, event detection represents a crit-
ical step in the overall NILM process. The objective is to identify the precise moments at 
which changes occur in the electrical load profile and to isolate the corresponding electri-
cal signatures for subsequent classification. 

An event can be mathematically represented as follows: 𝑒௞ = {𝑡௞,Δ𝑃௞,Δ𝑄௞}  (1)

where 𝑡௞ is the event occurrence time; Δ𝑃௞ is the active power variation; and Δ𝑄௞ is the 
reactive power variation. 

The proposed framework can employ conventional NILM event detection techniques 
[1] such as threshold-based detection; CUSUM algorithms; Generalized Likelihood Ratio 
(GLR); and the Sequential Probability Ratio Test (SPRT). 

The event detection stage identifies significant power transitions satisfying ∣ Δ𝑃(𝑡) ∣ > 𝛾  (2)

where γ represents a predefined detection threshold selected to distinguish genuine ap-
pliance events from measurement noise and background fluctuations. 
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Figure 3 presents a representative example of the event detection process. The figure 
illustrates how sudden variations in aggregate power consumption are identified and 
transformed into candidate NILM events. These detected transitions constitute the input 
for the subsequent load identification stage, where appliance signatures are extracted and 
classified. 

 

Figure 3. Example of NILM event detection based on aggregate household power measurements. 
Significant variations in active power exceeding the detection threshold are identified as candidate 
appliance switching events and forwarded to the load identification module. 

C. Load Identification Layer 

Following event detection, the framework proceeds with appliance identification 
through the extraction and analysis of electrical load signatures. The purpose of this stage 
is to determine which appliance generated the detected event and to estimate its opera-
tional characteristics. Accurate appliance identification is essential for implementing pri-
ority-based energy management strategies and for distinguishing critical loads from non-
essential ones. 

For each detected event, a feature vector is generated according to 𝐟௞ = [Δ𝑃,Δ𝑄,𝑃𝐹,𝑇𝐻𝐷,𝐻ଷ,𝐻ହ,𝐻଻, 𝜏]   (3)

where THD represents the Total Harmonic Distortion, H3, H5, and H7 correspond to har-
monic components of the current waveform, and τ denotes the transient duration associ-
ated with the switching event. 

The resulting feature vector contains both steady-state and transient information, en-
abling the characterization of a wide range of residential appliances. Resistive devices 
typically exhibit limited harmonic distortion and nearly unity power factor, whereas in-
ductive and nonlinear loads generate distinctive harmonic patterns and phase relation-
ships that can be exploited for classification purposes. 

The appliance classification process can be expressed as 𝐿෠௞ = 𝑓(𝐟௞)  (4)

where fk is the extracted feature vector and 𝐿෠௞ denotes the estimated appliance class. 
Among the various NILM feature extraction techniques proposed in the literature, 

Voltage–Current (V-I) trajectories have attracted considerable attention due to their 
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capability to visually represent the electrical behavior of appliances [1,5,6], and they can 
be useful to illustrate the identified firms of different loads (see Figure 1), the V-I trajecto-
ries are obtained by plotting instantaneous current as a function of voltage over one or 
more electrical cycles. Different appliance categories generate distinctive geometric pat-
terns reflecting their electrical characteristics, phase displacement, nonlinearities, and har-
monic content. 

Figure 4 compares representative V-I trajectories associated with resistive, inductive, 
and nonlinear residential loads, like Lissajous figures. Resistive appliances typically gen-
erate narrow linear patterns, while inductive loads exhibit elliptical trajectories caused by 
phase displacement between voltage and current. Nonlinear electronic devices produce 
more complex trajectories characterized by distortions and asymmetries resulting from 
harmonic generation. 

These graphical representations can be further processed using image-based machine 
learning techniques. Convolutional Neural Networks (CNNs) have demonstrated re-
markable performance in appliance recognition tasks by automatically extracting relevant 
features from V-I trajectory images [6,7]. Such approaches eliminate the need for extensive 
manual feature engineering and provide improved classification accuracy under varying 
operating conditions. 

It should be emphasized that appliance identification is not the final objective of the 
proposed framework. Instead, the recognized appliance represents the input information 
required by the Energy Guardianship supervisory layer, which determines the most ap-
propriate management action according to appliance priority and available energy re-
sources. 

 

Figure 4. Representative Voltage-Current (V-I) trajectories for resistive, inductive, and nonlinear 
residential appliances. The distinctive geometric patterns can be exploited by NILM algorithms and 
CNN-based classifiers for appliance recognition and electrical load characterization Convolutional 
Neural Networks (CNN) can be introduced to obtain information on loads [6,7]. 

D. Energy Constraint Assessment Layer 

Following appliance identification, the framework evaluates the current energy 
availability and verifies whether the detected load can be safely accommodated within the 
existing operational constraints. This stage represents the interface between appliance 
recognition and intelligent decision-making, transforming electrical measurements into 
actionable information regarding the current energy state of the household. 

Unlike traditional energy management systems that assume unlimited grid availa-
bility, the proposed architecture is specifically designed to operate under constrained 
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energy conditions. Such conditions may arise from contractual power limitations, reduced 
photovoltaic generation, limited battery storage availability, participation in Renewable 
Energy Communities, or energy-budget restrictions associated with vulnerable house-
holds. 

The total available power is defined as 𝑃௔௩௔௜௟(𝑡) = 𝑃௚௥௜ௗ(𝑡) + 𝑃௉௏(𝑡) + 𝑃௕௔௧௧௘௥௬(𝑡)   (5)

where (Pgrid(t)) represents the power available from the electrical grid, (PPV(t)) is the instan-
taneous photovoltaic generation, and (Pbattery(t)) denotes the power supplied by the local 
energy storage system. 

The system continuously verifies the following constraint: ∑ 𝑃௜௜ (𝑡) ≤ 𝑃௔௩௔௜௟(𝑡)  (6)

where (Pi(t)) represents the power demand associated with the active household appli-
ances. 

When this condition is violated or predicted to be violated in the near future, the 
system enters a constrained operating mode and activates the AI-based decision engine. 
This predictive approach enables preventive actions before overload conditions or invol-
untary service interruptions occur. 

In addition to instantaneous power availability, the framework evaluates several 
complementary constraints that influence energy allocation decisions. These include con-
tractual power limits imposed by the electricity provider, minimum battery State-of-
Charge preservation thresholds, available daily energy budgets, forecast uncertainty as-
sociated with photovoltaic generation, and user-specific operational requirements. Such 
constraints are particularly relevant in the case of vulnerable users, whose access to elec-
tricity may depend on limited economic resources or on the availability of community-
shared renewable energy. 

The Energy Constraint Assessment Layer therefore provides a dynamic representa-
tion of the household energy status. Rather than considering energy solely as an electrical 
quantity, this layer introduces contextual information that allows the system to evaluate 
whether future appliance activations are technically feasible and socially desirable. Con-
sequently, energy management decisions are no longer based exclusively on electrical op-
timization criteria but also on the preservation of user well-being and service continuity. 

Figure 5 illustrates the proposed energy constraint evaluation process. The figure 
shows how grid power, photovoltaic generation, battery availability, and contractual lim-
its are combined to determine the instantaneous energy margin available for residential 
loads. The resulting information is subsequently transferred to the AI-Based Decision 
Layer. 
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Figure 5. Energy constraint evaluation process adopted by the proposed Energy Guardianship 
framework. The available energy is computed by combining four inputs: grid power, photovoltaic 
generation, battery availability, and contractual power limits. The evaluation process consists of 
four sequential steps: (1) instantaneous power balance, (2) estimation of the available power consid-
ering battery and grid constraints, (3) application of the contractual power limit, and (4) computa-
tion of the instantaneous energy margin. The resulting available energy margin is then supplied to 
the Energy Guardianship decision layer, where it is combined with appliance priority information 
to determine the appropriate control action. 

E. AI-Based Decision Layer 

The AI-Based Decision Layer constitutes the core intelligence of the proposed Energy 
Guardianship framework. While conventional Home Energy Management Systems typi-
cally aim to minimize electricity costs or maximize self-consumption, the proposed archi-
tecture introduces a broader decision-making paradigm in which technical objectives are 
balanced with social, ethical, and health-related considerations. 

The primary objective of this layer is to determine the most appropriate operating 
strategy for each identified appliance while ensuring that vulnerable users maintain ac-
cess to essential energy services. To achieve this goal, every appliance is assigned a prior-
ity level reflecting its functional importance, flexibility, and potential impact on user well-
being. 

The framework categorizes residential loads into five priority classes: 

• Critical Loads: Medical and life-support devices whose operation must be guaran-
teed whenever possible. 

• Essential Loads: Appliances required for safety, communication, food preservation, 
or basic living conditions. 

• Flexible Loads: Appliances whose operation can be temporarily modified without 
significant user discomfort. 

• Deferrable Loads: Appliances that can be shifted in time to periods characterized by 
higher renewable energy availability. 
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• Non-Essential Loads: Discretionary loads that may be postponed, limited, or denied 
during constrained operating conditions. 

To quantify the relative importance of each appliance, a Priority Index (PI) is intro-
duced: 𝑃𝐼௜ = 𝑤ଵ𝐶௜ + 𝑤ଶ𝐻௜ + 𝑤ଷ𝑈௜ − 𝑤ସ𝐹௜  (7)

where 𝐶௜ represents the technical criticality of the load, 𝐻௜ denotes its health relevance, 𝑈௜ expresses its utility from the user’s perspective, and 𝐹௜ quantifies its operational flex-
ibility. The weighting coefficients w1, w2, w3 and w4 can be adapted according to house-
hold characteristics, community policies, or specific user requirements. 

In the present implementation, the weighting coefficients are initially set to 𝑤ଵ =0.30, 𝑤ଶ = 0.35, 𝑤ଷ = 0.20, and 𝑤ସ = 0.15. The health-relevance coefficient is assigned 
the highest value because the primary objective of the proposed framework is the conti-
nuity of electrical services that may affect user health and safety. Technical criticality is 
assigned second-highest weight, while user utility and operational flexibility have lower 
weights. These values represent an initial expert-based calibration and are not intended 
to be universally optimal. They can be modified according to household characteristics, 
healthcare recommendations, user preferences, or Renewable Energy Community poli-
cies. Future implementations may calibrate the coefficients through user surveys, multi-
criteria optimization, or learning-based procedures. 

The parameters 𝐶, 𝐻, 𝑈, and 𝐹 are assigned integer values between 0 and 5, repre-
senting the appliance’s criticality, health relevance, user utility, and operational flexibility, 
respectively. Higher values of 𝐶, 𝐻, and 𝑈 increase the priority index, whereas higher 
values of 𝐹 indicate greater scheduling flexibility and therefore reduce the appliance pri-
ority. 

This formulation enables the framework to combine electrical and social dimensions 
into a unified decision variable. Consequently, two appliances with similar power ratings 
may receive completely different management actions depending on their functional role 
and their contribution to user well-being. 

Based on the available energy resources, the identified appliance class, and the com-
puted Priority Index, the AI engine generates one of four possible actions: 𝑎௜(𝑡) ∈ 𝑎𝑙𝑙𝑜𝑤,𝑑𝑒𝑙𝑎𝑦,𝑑𝑒𝑛𝑦, 𝑙𝑖𝑚𝑖𝑡 
where 

• Allow authorizes normal operation; 
• Delay postpones appliance activation to a more favorable energy period; 
• Deny prevents activation when energy resources are insufficient; 
• Limit reduces operating conditions or power consumption. 

The decision-making process can also exploit photovoltaic forecasts, battery availa-
bility, and Renewable Energy Community participation. For example, a washing machine 
may be automatically delayed until periods of high photovoltaic production, whereas a 
medical respiratory support device would be immediately authorized regardless of the 
current energy condition. 

The proposed framework therefore extends traditional demand-side management 
approaches by introducing the concept of ethical energy allocation. Rather than maximiz-
ing purely economic indicators, the system explicitly prioritizes user safety, health, and 
quality of life. This human-centric perspective is particularly relevant for vulnerable 
households affected by energy poverty, contractual power limitations, or dependence on 
critical electrical equipment. 

To illustrate this concept, Figures 6 and 7 compare the electrical signatures of two 
representative appliances characterized by significantly different social relevance. The 
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first example corresponds to a Continuous Positive Airway Pressure (CPAP) device used 
for respiratory support, while the second represents a typical residential entertainment 
load. Although both appliances consume electrical energy, their impact on user well-be-
ing differs substantially. The ability of NILM algorithms to recognize these appliances 
enables the framework to implement differentiated energy management policies during 
periods of constrained energy availability. 

 

Figure 6. Synthetic Voltage–Current (V-I) trajectory associated with a CPAP respiratory support 
device. The identified electrical signature is classified as a critical load and assigned the highest 
priority level within the Energy Guardianship framework. 

The CPAP signature is characterized by a slightly elliptical and moderately distorted 
V-I trajectory resulting from the combined contribution of the internal blower motor and 
the electronic switching converter responsible for airflow regulation. The observed phase 
displacement between voltage and current indicates the presence of an electromechanical 
load, while the limited trajectory distortion suggests a relatively stable operating condi-
tion with moderate harmonic content. Such characteristics are consistent with low-power 
medical respiratory assistance devices designed for continuous overnight operation. Un-
like many domestic appliances that exhibit highly variable operating profiles, CPAP sys-
tems typically operate under quasi-steady-state conditions, generating predictable electri-
cal signatures that can be reliably identified through NILM techniques. This property is 
particularly important within the proposed Energy Guardianship framework, as it ena-
bles the recognition of medically relevant equipment whose uninterrupted operation di-
rectly affects user health and well-being. 

Equation (7) becomes 

PICPAP = 0.30(5) + 0.35(5) + 0.20(5) − 0.15(0) = 4.25. 
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Figure 7 presents the V-I trajectory associated with a representative non-critical resi-
dential entertainment device. Although its average power consumption may be compara-
ble to that of the CPAP system, its electrical signature reveals substantially different op-
erating characteristics. The trajectory exhibits a strongly nonlinear shape with pronounced 
distortions caused by the switching power supply typically employed in modern con-
sumer electronics. The resulting harmonic content produces irregular current patterns and 
asymmetric trajectory regions that clearly distinguish the device from medically critical 
equipment. 

Equation (7) becomes 

PITV = 0.30(1) + 0.35(0) + 0.20(2) − 0.15(5) = −0.05 

 

Figure 7. Representative V-I trajectory associated with a non-essential residential entertainment 
load. The identified appliance can be delayed or temporarily restricted during energy-constrained 
operating conditions without compromising user health or safety. 

The comparison between Figures 6 and 7 highlights a fundamental concept underly-
ing the proposed framework: appliances with similar electrical power ratings may have 
profoundly different implications for user welfare. While both devices contribute to the 
overall household energy demand, their social relevance and operational priority differ 
significantly. The entertainment load primarily provides discretionary services and can 
therefore be postponed, limited, or temporarily denied without affecting essential house-
hold functions. Conversely, interruption of a CPAP system may directly compromise the 
user’s health condition. By exploiting NILM-based appliance recognition, the framework 
can therefore perform energy allocation decisions based not only on electrical consump-
tion but also on the functional importance of the identified appliance. 

Based on the computed Priority Index (PI), appliances are classified into five opera-
tional categories. Loads with 𝑃𝐼 ≥ 3.5 are classified as Critical, since they support essen-
tial medical or safety-related functions and should always be supplied whenever 
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technically feasible. Appliances with 2.5 ≤ 𝑃𝐼 < 3.5 are considered Essential, as they per-
form important household functions whose interruption should be minimized. Loads 
with 1.5 ≤ 𝑃𝐼 < 2.5 are classified as Flexible and may be temporarily rescheduled with-
out significantly affecting user well-being. Appliances with 0.5 ≤ 𝑃𝐼 < 1.5 are consid-
ered Deferrable, meaning that their operation can be postponed until sufficient energy 
becomes available. Finally, loads with 𝑃𝐼 < 0.5 are regarded as Non-essential and may 
be temporarily denied under constrained energy conditions. These threshold values rep-
resent an initial expert-based configuration adopted for the present study and can be re-
fined during the commissioning phase according to household characteristics, user re-
quirements, healthcare recommendations, or future optimization procedures. 

NILM techniques are increasingly being integrated into smart-home and smart-grid 
environments to improve energy monitoring, appliance identification, demand response, 
and distributed energy resource management [8,14,16]. Most existing residential energy 
management systems, however, are primarily designed to optimize energy efficiency, re-
duce electricity costs, or maximize self-consumption. Comparatively less attention has 
been devoted to the protection of vulnerable users and the preservation of essential energy 
services under constrained operating conditions [8,10]. In addition, only a limited number 
of studies explicitly consider the interaction between NILM-based load identification, en-
ergy poverty mitigation strategies, and Renewable Energy Communities capable of 
providing shared photovoltaic resources to support vulnerable households [11]. The pro-
posed framework addresses this gap by combining appliance recognition, human-centric 
prioritization, and adaptive energy allocation policies within a unified Energy Guardian-
ship architecture. 

Although the current supervisory layer adopts a deterministic rule-based strategy, 
the proposed architecture has been conceived to progressively incorporate adaptive Arti-
ficial Intelligence techniques. The commissioning phase naturally enables continuous 
learning from multiple residential installations by collecting anonymous operational data, 
user interactions and supervisory outcomes. This information can be exploited to auto-
matically calibrate the weighting coefficients of the Priority Index, adapting the Energy 
Guardianship strategy to different household characteristics, medical conditions and user 
preferences without modifying the overall decision framework. 

Similarly, appliance electrical signatures cannot be considered static throughout the 
appliance lifetime. Aging effects, maintenance operations, supply voltage variations and 
changes in operating conditions progressively modify the electrical behavior of household 
appliances. For this reason, the proposed framework relies on a local appliance atlas that 
can be continuously updated during normal operation. AI-assisted learning algorithms 
may periodically refine the stored signatures by incorporating newly acquired measure-
ments, thereby improving appliance recognition robustness while preserving the house-
specific nature of the commissioning process. 

Future developments will investigate reinforcement learning, adaptive optimization 
and online learning algorithms capable of simultaneously updating appliance signatures, 
calibrating priority coefficients and learning user-specific energy management prefer-
ences from long-term residential operations. 

F. Load Actuation and User Feedback Layer 

The final layer of the proposed architecture is responsible for implementing the de-
cisions generated by the AI engine and communicating the resulting actions to the end 
user. This layer transforms high-level energy management decisions into physical control 
actions capable of modifying appliance operation while maintaining transparency and 
user involvement. Unlike fully autonomous control systems, the proposed framework 
adopts a cooperative approach in which automated actions are complemented by in-
formative feedback and decision support recommendations. 
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The actuation process can be implemented through several commercially available 
technologies, including smart plugs, remotely controllable relays, home energy manage-
ment systems, smart appliances, and inverter control interfaces. These devices enable the 
framework to execute the actions generated by the decision layer, including load activa-
tion, postponement, limitation, or temporary denial. Depending on the available infra-
structure, the control strategy may be implemented either directly through automatic 
switching actions or indirectly through user recommendations requiring manual inter-
vention. 

A key characteristic of the proposed architecture is the integration of user-centered 
feedback mechanisms. Rather than simply disconnecting appliances when energy con-
straints occur, the system explains the reason for each decision and proposes alternative 
operating strategies. Examples include postponing flexible appliances to periods charac-
terized by photovoltaic surplus generation, selecting lower-energy operating modes, re-
ducing simultaneous appliance operation, or exploiting available energy resources within 
a Renewable Energy Community. 

An example of system feedback is as follows: 

“The washing machine activation has been postponed due to limited available en-
ergy. Suggested activation time: 12:00 PM during expected photovoltaic surplus condi-
tions.” 

Such recommendations provide users with a clear understanding of the energy man-
agement process while preserving their autonomy and decision-making capabilities. This 
aspect is particularly important for vulnerable households, where trust, transparency, and 
ease of use are essential requirements for technology acceptance. 

From a broader perspective, the load actuation and user feedback layer represents 
the interface between artificial intelligence and human behavior. By combining automated 
control actions with educational and informative recommendations, the framework pro-
motes greater energy awareness while simultaneously protecting critical household ser-
vices. This approach supports the transition from conventional energy management sys-
tems toward socially aware Energy Guardianship solutions capable of balancing technical 
efficiency, renewable energy integration, and user well-being. 

Figure 8 summarizes the processes introduced in Section 3 and illustrates the inter-
actions among the Technical, Power and Economic, and Guardianship layers composing 
the proposed Energy Guardianship framework that will be described in Section 4. 
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Figure 8. Overall workflow of the proposed Energy Guardianship framework. (1) During the com-
missioning phase, the household appliances are individually measured to build a house-specific 
database. (2) The resulting Local Appliance Atlas stores representative electrical signatures and fea-
tures for each appliance. (3) During online operation, the NILM module identifies the active appli-
ance from the aggregated electrical signal. (4) The identified appliance and its confidence score are 
forwarded to the decision layer. (5) The Energy Guardianship Decision Engine combines the appli-
ance Priority Index (PI), available energy resources, battery state of charge, photovoltaic generation, 
and user preferences to determine the appropriate action. (6) The supervisory controller executes 
the selected action (allow, delay, limit, or deny). A continuous feedback loop updates the Local Ap-
pliance Atlas and supports the adaptation of the proposed framework over time based on system 
performance and user feedback. 

4. Mathematical Formulation of the Proposed Energy Guardianship 
Framework 

This section presents the mathematical formulation of the proposed AI-based Energy 
Guardianship framework. The objective of the system is to dynamically allocate limited 
electrical energy resources while preserving the operation of critical household appli-
ances, supporting vulnerable users, and maximizing the effective utilization of locally 
available renewable energy resources [8,14,16]. Unlike conventional Home Energy Man-
agement Systems, which primarily focus on cost reduction and energy efficiency, the pro-
posed framework introduces a human-centric decision paradigm in which technical opti-
mization is combined with health, social, and user-priority considerations. 

The mathematical formulation reflects the two-stage architecture introduced in the 
previous section. During the commissioning phase, the local appliance atlas is generated 
from individually measured appliance signatures. During online operation, the identified 
appliance, together with the available energy resources, provides the information re-
quired by the supervisory decision process described in the following subsections. Con-
sequently, the mathematical model does not address universal appliance classification, 
but rather the real-time allocation of limited energy resources among previously commis-
sioned household appliances. 
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The mathematical model integrates three main components: (i) aggregate load mon-
itoring and NILM-based appliance identification (the technical overview), (ii) energy 
availability assessment under constrained operating conditions (power and economic 
frame), and (iii) AI-assisted decision-making based on appliance criticality and user vul-
nerability (guardianship frame). 

The technical frame works on voltage and current acquisition; it hosts (A) aggregate 
load monitoring and NILM-based appliance identification, (B) event detection formula-
tion, (C) electrical load signature. 

The economic frame hosts (D) available energy assessment under constrained oper-
ating conditions and (E) integration of a battery model for the renewable community. 

The Guardianship frame hosts (F) the ethical load priority model, (G) AI-based deci-
sion formulation, (H) human-centric operational constraints, (I) renewable-aware load 
scheduling. 

The resulting formulation enables adaptive energy allocation strategies capable of 
responding to changes in household demand, photovoltaic generation, battery availabil-
ity, and user requirements. 

The mathematical formulation is organized into three complementary frames: the 
Technical Frame, responsible for appliance monitoring and identification; the Power and 
Economic Frame, which evaluates the available energy under operational constraints; and 
the Guardianship Frame, where AI-assisted supervisory decisions are taken according to 
appliance priority and user vulnerability. The overall architecture is illustrated in Figure 
9. 

 

Figure 9. Mathematical architecture of the proposed Energy Guardianship framework. The formu-
lation is organized into three complementary conceptual layers. The technical overview describes 
the electrical monitoring process, including aggregate load acquisition, NILM-based appliance 
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identification, event detection, and the extraction of multidimensional electrical signatures used to 
construct the Local Appliance Atlas. The power and economic frame evaluates the instantaneous 
energy availability by combining grid power, photovoltaic generation, battery operation, and con-
tractual power constraints, providing the available energy margin for supervisory control (external 
inputs). Finally, the Guardianship frame integrates ethical load prioritization, AI-assisted decision-
making, human-centric operational constraints, and renewable-aware scheduling to determine the 
appropriate management action for each appliance. The interaction among these three layers ena-
bles adaptive energy allocation strategies capable of responding to variations in household demand, 
renewable generation, battery availability, contractual limitations, and user vulnerability, ensuring 
that critical electrical services are preferentially maintained under constrained energy conditions. 

A. Aggregate Load Model 

The aggregate residential electrical demand measured at the smart meter can be rep-
resented as the superposition of the contributions generated by all active appliances con-
nected to the household electrical installation. Since the proposed architecture relies on a 
single measurement point, the aggregate demand constitutes the only directly observable 
electrical quantity available to the NILM subsystem. 

The aggregate power demand is expressed as 𝑃௔௚௚(𝑡) = ∑ 𝑠௜ே௜ୀଵ (𝑡)𝑃௜(𝑡) + 𝑛(𝑡)  (8)

where 

• N is the total number of appliances connected to the residential installation; 
• si(t) in {0,1} represents the operating state of the i-th appliance; 
• Pi(t) is the instantaneous power absorbed by the i-th appliance; 
• n(t) represents measurement noise, unmodeled disturbances, and unknown load 

contributions. 

The primary objective of the NILM subsystem is to estimate the hidden appliance 
states 𝑠̂௜(𝑡) 

using only aggregate measurements acquired at the household service entrance. This es-
timation process transforms a single aggregated electrical signal into appliance-level in-
formation that can subsequently be used for energy management purposes. 

In the proposed framework, the estimation of the appliance states is constrained to 
the appliances previously characterized during the commissioning phase. This assump-
tion considerably reduces the dimensionality of the identification problem while improv-
ing robustness under practical residential operating conditions. 

In the context of the proposed framework, appliance identification is not performed 
solely for monitoring purposes. Instead, the estimated appliance states constitute the 
foundation for implementing priority-aware energy allocation strategies. Once a load is 
identified, the framework can associate technical and social attributes with the corre-
sponding appliance, allowing differentiated treatment during constrained operating con-
ditions. 

B. Event Detection Formulation 

The first stage of the NILM process consists of detecting appliance switching events. 
These events correspond to transitions between different operating states and are gener-
ally associated with significant variations in aggregate active and reactive power. 

A switching event is identified whenever the variation in aggregate power exceeds a 
predefined detection threshold: ∣ Δ𝑃(𝑡) ∣=∣ 𝑃(𝑡) − 𝑃(𝑡 − 1) ∣= 𝛾  (9)
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with 𝛾 represents the event detection threshold. 
The threshold must be selected carefully to balance detection sensitivity and robust-

ness against measurement noise. Excessively low thresholds may generate false alarms, 
whereas excessively high thresholds may cause small appliance activations to remain un-
detected. 

For each detected event, the framework generates an event descriptor, by referring 
to Equation (1): 𝑒௞ = {𝑡௞,Δ𝑃௞,Δ𝑄௞} 

where 

• tk is the event occurrence time; 
• Δ𝑃௞ is the variation in active power; 
• Δ𝑄௞ is the variation in reactive power. 

The event descriptor provides a compact representation of the observed transition 
and constitutes the input to the feature extraction module. In practical implementations, 
several event detection approaches can be adopted, including threshold-based tech-
niques, Cumulative Sum (CUSUM) algorithms, Generalized Likelihood Ratio (GLR) 
methods, and Sequential Probability Ratio Tests (SPRT). These techniques enable reliable 
identification of appliance activation and deactivation events under realistic residential 
operating conditions. 

Accurate event detection is particularly important within the proposed Energy 
Guardianship framework because the quality of appliance identification directly affects 
subsequent prioritization and energy allocation decisions. 

C. Electrical Load Signature Representation 

Following event detection, the framework extracts a set of electrical features that 
characterize the detected appliance. These features collectively define the electrical signa-
ture of the load and provide the information required for appliance classification. 

The load signature vector is defined in Equation (3), by considering different periods, 
as 𝐟௞(𝑖) = [Δ𝑃(𝑖),Δ𝑄(𝑖),𝑃𝐹(𝑖),𝑇𝐻𝐷(𝑖),𝐻ଷ(𝑖),𝐻ହ(𝑖),𝐻଻(𝑖), 𝜏(𝑖)] (10)

where PF(𝑖) is the power factor of i-period, and the same for the quantities defined in (3). 
It is necessary to collect multiple temporal signatures for each appliance, capturing its 
behavior under different operating conditions. This allows the artificial intelligence model 
to learn the intrinsic variability of electrical signatures, recognizing that appliance patterns 
are not fixed but change over time due to operating conditions, aging, and usage charac-
teristics. 

The selected features combine steady-state and transient information. Active and re-
active power variations provide information regarding appliance size and operating char-
acteristics, while harmonic components capture nonlinear behavior generated by elec-
tronic converters and switching devices. The transient duration provides additional infor-
mation regarding motor-driven appliances and dynamic loads. 

These features are particularly useful because appliances characterized by similar 
power consumption may still exhibit significantly different electrical signatures. Conse-
quently, NILM techniques can distinguish between appliances that consume comparable 
electrical power but have very different functional roles within the household. 

The appliance classification problem of Equation (4) can therefore be formulated as 𝐿෠௞ = 𝑓(𝐟௞(𝑖))  (11)

where 
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• fk(i) is the extracted feature vector; 
• 𝐿෠௞ is the identified appliance class. 

The classification function may be implemented using machine learning algorithms, 
decision trees, support vector machines, random forests, or deep learning approaches 
such as Convolutional Neural Networks (CNNs). In the proposed framework, appliance 
recognition is subsequently integrated with user-priority information, enabling the AI en-
gine to associate each identified load with a specific energy management policy. 

This capability represents a fundamental step toward the realization of Energy 
Guardianship strategies. For example, a CPAP respiratory support device and a television 
set may exhibit comparable power ratings but generate different electrical signatures. 
Through NILM-based identification, the framework can recognize the medical device and 
assign it a higher operational priority, thereby ensuring continuity of service during peri-
ods of limited energy availability. 

D. Available Energy Model 

After appliance identification, the proposed framework continuously evaluates the 
instantaneous availability of electrical energy resources to determine whether new load 
requests can be safely accommodated. Unlike traditional residential energy management 
systems that assume unlimited grid availability, the proposed architecture explicitly con-
siders the variability of renewable energy generation, battery storage limitations, and con-
tractual power constraints. This capability is particularly relevant for vulnerable house-
holds, where limited energy resources may directly affect the availability of essential ser-
vices. 

As defined in Equations (5) and (6), the available power is defined as the sum of all 
energy sources currently accessible to the residential system: 𝑃௔௩௔௜௟(𝑡) = 𝑃௚௥௜ௗ(𝑡) + 𝑃௉௏(𝑡) + 𝑃௕௔௧௧௘௥௬(𝑡) 

where 
• 𝑃௚௥௜ௗ(𝑡) is the maximum power available from the electrical grid; 
• 𝑃௉௏(𝑡) represents the instantaneous photovoltaic generation; 
• 𝑃௕௔௧௧௘௥௬(𝑡) denotes the power supplied by the battery storage system. 

The framework continuously verifies the fundamental operating condition ∑ 𝑃௜ே௜ୀଵ (𝑡) ≤ 𝑃௔௩௔௜௟(𝑡)  (12)

which guarantees that the aggregate household demand remains compatible with the 
available energy resources. Violation of this condition may result in overload situations, 
excessive battery depletion, or contractual power exceedance. Therefore, whenever the 
predicted demand approaches the available energy limit, the system activates the AI-
based decision module and evaluates alternative load management actions. 

A distinctive aspect of the proposed approach is that energy availability is not inter-
preted solely as a technical constraint but also as a resource that must be allocated accord-
ing to user needs and appliance criticality. Consequently, the Available Energy Model 
constitutes the quantitative basis upon which the Energy Guardianship strategy is imple-
mented. Figure 5 summarizes the proposed energy constraint evaluation process adopted 
by the supervisory layer. 

E. Battery State-of-Charge Constraint 

When battery storage is available, the framework introduces an additional layer of 
protection based on the battery State of Charge (SOC). Battery resources can significantly 
increase energy resilience, particularly in households equipped with photovoltaic systems 
or participating in Renewable Energy Communities. However, excessive battery deple-
tion may compromise the availability of energy during future critical situations. 
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The battery State of Charge is defined as 𝑆𝑂𝐶(𝑡) = ா್ೌ೟೟೐ೝ೤(௧)ா್ೌ೟೟೐ೝ೤,೘ೌೣ  (13)

where 

• Ebattery(t)) is the energy currently stored in the battery; 
• Ebattery,max is the maximum storage capacity. 

To preserve emergency energy reserves, the following safety constraint is imposed: 𝑆𝑂𝐶(𝑡) ≥ 𝑆𝑂𝐶௠௜௡  (14)

where SOCmin represents a minimum reserve threshold defined according to household 
requirements. 

The introduction of a minimum SOC constraint enables the framework to reserve 
part of the stored energy for future operation of critical appliances. For example, in house-
holds containing respiratory support devices or medical refrigeration systems, battery re-
serves may be preserved to ensure continuity of service during periods characterized by 
low photovoltaic production or temporary grid outages. This approach transforms the 
battery from a simple energy storage device into a strategic resource supporting vulnera-
ble-user protection. 

F. Ethical Load Priority Model 

One of the most innovative contributions of the proposed framework is the introduc-
tion of an Ethical Load Priority Model capable of combining electrical, functional, and 
social information into a unified decision-making process. 

Conventional energy management systems generally prioritize appliances according 
to economic criteria or electrical efficiency metrics. In contrast, the proposed Energy 
Guardianship framework explicitly incorporates user well-being, health relevance, and 
appliance criticality into the prioritization process. 

Each appliance is assigned a Priority Index (PI) defined as (7) 𝑃𝐼௜ = 𝑤ଵ𝐶௜ + 𝑤ଶ𝐻௜ + 𝑤ଷ𝑈௜ − 𝑤ସ𝐹௜ 
where 

• Ci represents appliance criticality; 
• Hi quantifies health relevance; 
• Ui expresses user utility; 
• Fi denotes load flexibility; 
• w1,w2,w3,w4 are weighting coefficients. 

Higher values of PIi indicate appliances that should receive preferential access to 
available energy resources. 

Based on this index, appliances are grouped into five priority classes, as in Table 1. 

Table 1. Priority classes. 

Class Description 
Critical Medical and safety devices (e.g., CPAP systems, oxygen concentrators) 
Essential Refrigeration systems, communications, basic lighting 
Comfort Ventilation systems, low-power heating and cooling 
Deferrable Washing machines, dishwashers, water heaters 
Non-Essential Entertainment devices and discretionary loads 

This classification allows the framework to distinguish between appliances with sim-
ilar electrical characteristics but substantially different impacts on user well-being. The 
Energy Guardianship framework faces different management strategies during energy-
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constrained conditions for two similar power loads, a CPAP respiratory support device 
and a television. 

To facilitate the practical implementation of the proposed Priority Index, each com-
ponent can be evaluated on a normalized scale ranging from 0 to 5. In particular, the tech-
nical criticality score (C) quantifies the consequences associated with the interruption of 
the appliance, the health relevance score (H) reflects its impact on user health and safety, 
the utility score (U) represents the perceived benefit provided to the user, and the flexibil-
ity score (F) describes the possibility of postponing or modifying the appliance operation 
without significant discomfort. This simple scoring approach enables the framework to 
translate technical, social, and health-related considerations into a unified decision metric. 
A CPAP respiratory support device can be characterized by C = 5, H = 5, U = 5, and F = 0, 
reflecting its critical role and limited operational flexibility. Conversely, a residential tele-
vision may be assigned C = 1, H = 0, U = 2, and F = 5, indicating low criticality and high 
flexibility. Such a representation allows the proposed Energy Guardianship framework to 
distinguish between appliances with similar electrical consumption but substantially dif-
ferent implications for user well-being, thereby supporting socially aware energy alloca-
tion decisions. 

G. AI-Based Decision Formulation 

The AI-based decision engine represents the central intelligence of the proposed 
framework. Its role is to determine the most appropriate management action for each ap-
pliance request while simultaneously satisfying electrical constraints and protecting vul-
nerable users. 

For each appliance, the system generates one of four possible actions: 𝑎௜(𝑡) ∈ {𝑎𝑙𝑙𝑜𝑤,𝑑𝑒𝑙𝑎𝑦, 𝑙𝑖𝑚𝑖𝑡,𝑑𝑒𝑛𝑦}  

where 

• Allow authorizes normal operation; 
• Delay postpones activation to a later time; 
• Limit reduces power consumption or operating conditions; 
• Deny rejects activation. 

The decision process is formulated as an optimization problem: 𝐽 = 𝜆ଵ𝐸௩௜௢௟ + 𝜆ଶ𝐶௖௢௦௧ + 𝜆ଷ𝐷௖௢௠௙௢௥௧ + 𝜆ସ𝑅௥௜௦௞  (15)

where 

• Eviol represents violations of electrical constraints; 
• Ccost is the economic cost of energy consumption; 
• Dcomfort quantifies user discomfort; 
• Rrisk measures social and health-related risks. 

The weighting coefficients λi regulate the trade-off between energy efficiency and 
vulnerable-user protection. 

Unlike conventional optimization frameworks, the proposed objective function ex-
plicitly incorporates social risk. This allows the system to prioritize user well-being and 
critical service continuity even when such decisions are not optimal from a purely eco-
nomic perspective. 

H. Human-Centric Operational Constraints 

To guarantee adequate protection of vulnerable users, the framework introduces ad-
ditional operational constraints reflecting ethical and social requirements. 

The most important constraint concerns the operation of critical appliances: 𝐷௖௥௜௧௜௖௔௟ = 0  (16)
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which states that critical appliances should never be denied under normal operating con-
ditions. 

This constraint fundamentally differentiates the proposed Energy Guardianship 
framework from conventional Home Energy Management Systems. Whereas traditional 
approaches primarily seek to optimize efficiency and cost, the proposed system prioritizes 
continuity of service for medically relevant and safety-related equipment. 

Consequently, even under severe energy limitations, the AI engine is required to ex-
plore alternative actions affecting lower-priority loads before considering restrictions on 
critical appliances. 

This human-centric constraint represents the defining characteristic of the proposed 
Energy Guardianship framework and clearly differentiates it from conventional residen-
tial energy management systems, where economic optimization generally remains the pri-
mary objective. 

I. Renewable-Aware Load Scheduling 

The final component of the mathematical formulation concerns photovoltaic-aware 
scheduling strategies. The increasing diffusion of distributed renewable generation cre-
ates opportunities for shifting flexible loads toward periods characterized by abundant 
local energy production. 

Flexible appliances can therefore be scheduled according to the condition 𝑃௉௏(𝑡) > 𝑃௟௢௔ௗ(𝑡) (17)

which indicates the presence of photovoltaic surplus generation. 
When this condition occurs, the framework may recommend or automatically initiate 

the operation of deferrable appliances such as washing machines, dishwashers, or water 
heaters. This strategy increases renewable self-consumption, reduces electricity purchases 
from the grid, and improves the overall sustainability of household energy management. 

In the context of Renewable Energy Communities, photovoltaic-aware scheduling 
can be further extended to exploit shared renewable resources available at the community 
level. Consequently, vulnerable households may benefit not only from locally generated 
photovoltaic energy but also from coordinated energy sharing mechanisms that enhance 
resilience and reduce exposure to energy poverty. Such integration between NILM, AI-
based decision-making, and renewable-aware scheduling represents a key step toward 
socially inclusive and human-centric energy governance systems. 

Although photovoltaic-aware scheduling contributes to increasing renewable self-
consumption and reducing grid dependence, these improvements should be regarded as 
secondary outcomes of the proposed framework. The primary objective remains the pro-
tection of vulnerable users through the continuity of critical household services whenever 
available energy becomes limited. 

5. Results 
This section presents a set of preliminary simulation scenarios developed to evaluate 

the behavior of the proposed AI-Based Energy Guardianship framework under con-
strained residential energy conditions. The simulations aim to demonstrate the feasibility 
of combining Non-Intrusive Load Monitoring, appliance prioritization, Renewable En-
ergy Community support, and AI-assisted decision-making to protect vulnerable users 
while improving the utilization of available energy resources. 

The objective of the analysis is not to provide a fully optimized implementation or a 
complete techno-economic assessment, but rather to illustrate the operational principles 
of the proposed architecture and highlight its potential benefits in situations characterized 
by limited energy availability. Attention is devoted to scenarios representative of energy 



Energies 2026, 19, 3506 27 of 48 
 

https://doi.org/10.3390/en19153506 

poverty conditions, where households may experience temporary or persistent re-
strictions in electricity access and where intelligent energy allocation mechanisms become 
essential for preserving critical services. 

The simulation environment reproduces a residential user equipped with a smart 
meter, access to community-shared photovoltaic generation, and limited contractual 
power availability. The proposed framework continuously identifies active appliances 
through NILM techniques, evaluates available energy resources, computes appliance pri-
ority levels, and generates adaptive control actions according to both technical and social 
constraints. 

5.1. Simulation Setup 

The proposed Energy Guardianship framework was evaluated using the Plug Load 
Appliance Identification Dataset (PLAID), considering both the PLAID 2014 and PLAID 
2018 datasets [20]. As illustrated in Figure 1, the evaluation follows the same two-stage 
architecture adopted by the proposed framework: an offline commissioning phase fol-
lowed by online real-time operation. 

During the commissioning phase (left side of Figure 1), a residential dwelling is se-
lected from the PLAID database. Since the dataset provides the list of appliances available 
in each monitored house, every appliance belonging to the selected dwelling is individu-
ally analyzed. Aggregate voltage and current measurements are used to extract a multi-
dimensional electrical signature, including dynamic V-I trajectories, power profiles, tran-
sient behavior, harmonic information and conventional electrical features. These signa-
tures are then stored in a local appliance atlas, which represents the electrical fingerprint 
of the appliances actually installed in that specific house. 

During the online operation phase (right side of Figure 1), one or more appliances 
are randomly activated among those available in the commissioned dwelling, reproduc-
ing realistic residential operating conditions. The aggregate voltage and current signals 
are continuously monitored, and the same feature extraction procedure is applied. The 
online feature vector is then compared with the signatures stored in the local appliance 
atlas, allowing the operating appliance to be identified through the highest similarity 
score. 

Once the appliance has been identified, the Energy Guardianship supervisory layer 
evaluates its priority together with the instantaneous availability of electrical energy—
considering grid supply, photovoltaic generation and battery availability—and deter-
mines the appropriate management action (Allow, Delay, Limit or Deny) according to the 
mathematical formulation presented in Section 4. 

Unlike conventional NILM benchmark studies, where the objective is universal ap-
pliance recognition across heterogeneous datasets, the proposed evaluation reproduces 
the expected deployment of a real residential installation. The classification problem is 
therefore restricted to the appliances previously commissioned within the monitored 
dwelling, providing a realistic assessment of the Energy Guardianship framework oper-
ating under practical residential conditions. 

5.2. Evaluation Scenarios 

To assess the effectiveness of the proposed Energy Guardianship framework, a set of 
representative operating scenarios was developed to reproduce realistic residential con-
ditions under limited energy availability. Rather than evaluating isolated components, the 
proposed cases progressively validate the complete supervisory architecture, from appli-
ance identification to the final AI-assisted decision-making process. 

The scenarios were selected to investigate the principal operating conditions ex-
pected in a residential Renewable Energy Community. They include situations involving 
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power constraints, protection of critical appliances for vulnerable users, renewable-aware 
scheduling based on photovoltaic availability, and adaptive management of available en-
ergy resources. Together, these cases demonstrate how the proposed framework com-
bines appliance identification, energy availability assessment, and human-centric super-
visory decisions within a unified Energy Guardianship strategy. 

It is worth emphasizing that the objective of these case studies is not to optimize pho-
tovoltaic production or battery operation, but to demonstrate the capability of the pro-
posed supervisory framework to allocate limited energy resources according to appliance 
criticality and user vulnerability. Improvements in renewable energy utilization and re-
ductions in grid energy consumption should therefore be regarded as secondary out-
comes naturally arising from the Energy Guardianship decision process. 

The following subsections describe each operating scenario and discuss the corre-
sponding supervisory actions performed by the proposed framework. 

5.3. Simulated Energy Poverty Residential Scenario 

Energy poverty is commonly associated with difficulties in maintaining adequate en-
ergy services due to economic, technical, or infrastructural limitations. While conven-
tional residential energy management studies typically assume stable access to electricity 
and nominal contractual power levels, many vulnerable households operate under sub-
stantially different conditions. In practice, economically fragile users may face temporary 
power restrictions, reduced contractual availability, weak-grid conditions, emergency sit-
uations, or energy rationing policies that significantly limit the simultaneous use of do-
mestic appliances. 

To reproduce such conditions, the proposed simulations consider a vulnerable resi-
dential user whose nominal contractual power availability may be reduced below stand-
ard residential values. Under these circumstances, the operation of household appliances 
becomes highly dependent on intelligent scheduling and prioritization mechanisms. 
Without adequate energy management strategies, simultaneous activation of multiple ap-
pliances may rapidly exceed the available energy budget, leading to overload conditions 
or forced service interruptions. 

The considered user is assumed to be a member of a Renewable Energy Community 
equipped with shared photovoltaic generation and distributed battery storage systems. 
This assumption reflects the growing role of Renewable Energy Communities as instru-
ments for combating energy poverty and supporting socially inclusive energy transitions. 
Through the community infrastructure, vulnerable households can partially benefit from 
locally generated renewable energy even when their individual resources are limited. 

Unlike conventional Home Energy Management Systems that primarily aim to re-
duce electricity costs or maximize self-consumption, the proposed framework introduces 
a human-centric prioritization strategy capable of determining which appliances should 
receive energy during constrained operating conditions. 

An important characteristic of the proposed approach is the strategic use of battery 
resources. Instead of treating battery storage as a generic backup system, the framework 
reserves a portion of the available energy to guarantee the operation of medically critical 
and socially essential appliances. Consequently, during periods of limited energy availa-
bility, the AI engine evaluates appliance criticality before authorizing energy allocation. 
Critical devices such as medical refrigerators, CPAP respiratory support systems, com-
munication devices, and basic lighting services receive the highest operational priority, 
whereas discretionary appliances may be postponed or temporarily denied. 

This approach extends traditional demand-side management concepts toward a 
broader Energy Guardianship paradigm in which electrical energy is not allocated solely 
according to efficiency criteria but also according to vulnerability, health relevance, and 
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user welfare. Such a framework may be particularly valuable in vulnerable residential 
districts, Renewable Energy Communities, emergency shelters, weak-grid environments, 
and future resilience-oriented smart-grid infrastructures. 

Scenario 1—Power Overload 

This first scenario evaluates the behavior of the proposed Energy Guardianship 
framework under constrained power availability. The objective is to verify that the super-
visory algorithm correctly identifies the operating appliance and applies priority-based 
management actions whenever the instantaneous energy demand exceeds the available 
resources. This scenario can initially be addressed as a HELM problem. 

The residential appliances considered in the simulations are summarized in Table 2. 

Table 2. Residential loads considered in the simulation. 

Appliance Rated Power Priority Class 
Medical Refrigerator 150 W Critical 
Refrigerator 200 W Essential 
Lighting 120 W Essential 
Fan 80 W Comfort 
Washing Machine 1800 W Deferrable 
Water Heater 2000 W Deferrable 
Television 100 W Non-Essential 

The selected appliance portfolio intentionally combines loads characterized by dif-
ferent power levels and social relevance. While the medical refrigerator and household 
refrigerator are required to remain operational throughout the day, other appliances ex-
hibit varying degrees of flexibility and can therefore be shifted according to renewable 
energy availability and system constraints. 

The simulations assume the presence of a vulnerable user requiring uninterrupted 
operation of refrigeration-related services. Such an assumption reflects realistic residential 
scenarios involving medicine preservation, food storage, and health-related needs. Con-
sequently, these appliances are treated as protected loads throughout the entire simula-
tion horizon. 

The aggregate residential demand was evaluated over a 24 h period using a temporal 
resolution of five minutes. This sampling interval allows the representation of realistic 
residential consumption patterns while maintaining manageable computational complex-
ity. 

Figure 10 presents the baseline residential demand profile obtained without AI-as-
sisted energy management. In this scenario, appliance activation follows user requests 
without any coordination mechanism. As a result, several high-power appliances operate 
simultaneously during evening hours, producing demand peaks that exceed the available 
contractual power limit. The figure clearly illustrates the occurrence of overload condi-
tions generated by the concurrent operation of the washing machine and water heater. 

Furthermore, the baseline scenario highlights the inefficient utilization of renewable 
energy resources. Most photovoltaic production occurs during daytime hours, whereas a 
significant portion of flexible loads remain concentrated in the evening. Consequently, 
available photovoltaic energy is only partially exploited, increasing dependence on the 
electrical grid and reducing the potential benefits associated with Renewable Energy 
Community participation. 
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Figure 10. Composition of the residential electrical demand in the baseline scenario without AI-
assisted management. The simultaneous operation of high-power appliances generates overload 
conditions and poor synchronization with photovoltaic generation, resulting in reduced renewable 
energy utilization and increased stress on limited energy resources. 

5.4. Technical Overview 

Considering the framework explained in Figure 8, the first part is the technical over-
view. The aggregate residential power signal used in the simulations was generated by 
combining the operating profiles of the residential appliances listed in Table 2 together 
with Gaussian measurement noise intended to emulate realistic smart-meter acquisition 
conditions. The resulting signal reproduces the typical behavior of a residential installa-
tion in which multiple appliances operate simultaneously and where individual electrical 
contributions are not directly observable. 

The NILM subsystem continuously monitored the aggregate electrical demand 𝑃௔௚௚(𝑡)and performed event detection using a threshold-based transient detection strat-
egy derived from conventional NILM methodologies. The objective of this stage was to 
identify significant changes in power consumption associated with appliance activation 
or deactivation events. Although more sophisticated approaches such as CUSUM, GLR, 
and SPRT algorithms could be employed, a threshold-based implementation was consid-
ered sufficient for demonstrating the feasibility of the proposed framework. 

An event was detected whenever ∣ Δ𝑃(𝑡) ∣> 𝛾, 𝛾 = 50 W 

The selected threshold provides a compromise between sensitivity and robustness 
against measurement noise. Small fluctuations caused by normal signal variability are ig-
nored, while significant appliance switching events are successfully detected and for-
warded to the load identification module. 
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Following event detection, the framework extracted simplified electrical signatures 
composed of active power variation Δ𝑃, reactive power variation Δ𝑄, and transient du-
ration τ. 

Although the simulations adopted a simplified feature set, the proposed architecture 
can easily be extended to include additional NILM descriptors such as harmonic content, 
Total Harmonic Distortion (THD), current waveform characteristics, and Voltage–Current 
(V-I) trajectory features. 

Since the effectiveness of the proposed Energy Guardianship framework strongly de-
pends on the reliability of appliance identification, a preliminary validation of the NILM 
classification stage was performed using the publicly available PLAID [20]. The objective 
of this analysis is not to optimize the classification architecture itself, but rather to verify 
that the selected electrical features provide sufficient information to distinguish among 
common residential appliances. 

A Support Vector Machine (SVM) classifier was trained using electrical signature fea-
tures extracted from the appliance measurements. The considered appliance categories 
include both low-power electronic devices and high-power domestic loads typically en-
countered in residential environments. Accurate identification of these appliances is es-
sential because the subsequent AI-based decision engine relies on appliance recognition 
to assign operational priorities and determine energy allocation policies. 

Figure 11 reports the confusion matrix obtained during the classification process by 
working on the whole PLAID database. Most appliance categories exhibit a high concen-
tration of correctly classified samples along the main diagonal, indicating satisfactory 
recognition performance. Misclassification events are primarily associated with appli-
ances characterized by similar electrical operating characteristics, such as nonlinear elec-
tronic loads supplied through switching power converters. However, when the proposed 
approach operates on the local load atlas generated for a specific household during the 
commissioning phase, the confusion matrix becomes almost entirely diagonal, with clas-
sification accuracies approaching 100%. This improvement is due to the reduced variabil-
ity of appliance signatures within the same installation, allowing the AI-based classifier 
to distinguish loads with significantly higher reliability. 

The obtained results confirm that NILM-based appliance recognition can provide 
sufficiently accurate appliance-level information for the implementation of the proposed 
Energy Guardianship framework. In particular, the ability to distinguish critical appli-
ances from non-essential loads represents a fundamental prerequisite for enabling hu-
man-centric energy allocation strategies under constrained energy conditions. 

5.5. Power and Economic Frame 

Following appliance identification, the proposed framework continuously evaluates 
the instantaneous availability of electrical energy resources and determines the most ap-
propriate operating strategy for each appliance request. This stage integrates energy con-
straint assessment with AI-based decision-making, allowing the system to dynamically 
allocate limited energy resources while preserving the operation of critical loads. 

The available residential power is calculated according to Equations (12) and (13), 
considering the combined contribution of grid supply, photovoltaic generation, and bat-
tery storage resources. The framework continuously verifies whether the requested ag-
gregate demand can be safely accommodated within the available energy budget: 𝑃௔௩௔௜௟(𝑡) < 𝑃௥௘௤௨௘௦௧௘ௗ(𝑡) where Prequested(t) represents the total power associated with cur-
rently active and newly requested appliances. 
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Figure 11. Confusion matrix of the SVM-based appliance classification model evaluated on the 
PLAID [20]. Rows represent the true appliance classes, while columns correspond to the predicted 
classes. The high concentration of samples along the main diagonal indicates satisfactory classifica-
tion performance for most appliance categories. Misclassifications primarily occur among appli-
ances exhibiting similar electrical characteristics and operating behaviors, highlighting the chal-
lenges associated with distinguishing loads with comparable power consumption and waveform 
features. These results confirm the effectiveness of NILM-based load identification as a prerequisite 
for the proposed AI-Based Energy Guardianship framework. A color scale has been introduced, 
where blue denotes correct and highly confident classifications, gradually transitioning to pink, 
which highlights misclassifications and increasing interpretation errors. 

Unlike conventional residential energy management systems that assume stable en-
ergy availability, the proposed framework explicitly incorporates the variability of renew-
able generation and battery storage resources. Consequently, the available energy be-
comes a time-dependent quantity that changes continuously throughout the day accord-
ing to weather conditions, user behavior, and storage system status. 

Simulation results revealed that energy availability strongly depends on the com-
bined effects of photovoltaic production and battery State of Charge. During daytime pe-
riods characterized by high solar irradiation, photovoltaic generation substantially in-
creased the available energy budget, allowing the activation of most residential appliances 
without violating power constraints. Conversely, during evening hours photovoltaic pro-
duction decreased while battery reserves progressively declined, creating operating con-
ditions characterized by reduced energy availability. 

Under these circumstances, simultaneous operation of high-power appliances such 
as washing machines and water heaters frequently generated potential overload condi-
tions. Without intelligent coordination mechanisms, these situations would lead to 
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contractual power violations, excessive battery depletion, or involuntary interruption of 
essential services. 

To address this problem, the proposed AI-Based Energy Guardianship engine con-
tinuously evaluates appliance requests according to the following criteria: 

• Instantaneous available electrical power; 
• Battery availability and reserve requirements; 
• Photovoltaic generation conditions; 
• Appliance priority class; 
• User vulnerability considerations. 

Based on these factors, the decision engine dynamically generates one of four possi-
ble actions: 𝑎௜(𝑡) ∈ {𝑎𝑙𝑙𝑜𝑤,𝑑𝑒𝑙𝑎𝑦, 𝑙𝑖𝑚𝑖𝑡,𝑑𝑒𝑛𝑦}  

where the selected action aims to simultaneously satisfy technical constraints and human-
centric protection objectives. 

5.6. Guardianship Frame 

Once the load has been identified and the power constraint has been evaluated, the 
Guardianship AI-based framework starts (load is not a critical factor). Figure 12 shows 
that due to the limited available power, decisions have to be made. If PV and battery 
power are not present, 𝑃௔௩௔௜௟(𝑡) = 𝑃௚௥௜ௗ(𝑡). 

A particularly significant result concerns the management of medically relevant and 
essential appliances. Throughout all simulated scenarios, critical refrigeration-related 
loads remained continuously operational, even during severe energy shortages. This be-
havior reflects the human-centric design philosophy of the proposed framework, where 
continuity of essential services takes precedence over purely economic or efficiency-ori-
ented objectives. 

In contrast, flexible and non-essential appliances exhibit adaptive operating sched-
ules. The washing machine and water heater are frequently shifted toward periods char-
acterized by more power availability. 
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Figure 12. Comparison between aggregate residential demand and available energy resources dur-
ing the simulated day. The water heater has been postponed. 

Scenario 2—Protection of Critical Appliances 

The second simulation scenario evaluates the capability of the proposed Energy 
Guardianship framework to protect medically relevant and critical household appliances 
during periods of temporary energy scarcity. Unlike conventional residential energy man-
agement systems, which typically prioritize loads according to power consumption or 
economic criteria, the proposed framework explicitly incorporates appliance criticality 
and user vulnerability into the decision-making process. 

To reproduce a realistic constrained operating condition, a temporary overload situ-
ation was generated through the simultaneous activation of multiple household appli-
ances. Under these circumstances, the total requested power exceeded the available en-
ergy resources derived from the grid, photovoltaic generation, and battery storage. Con-
sequently, the AI engine was required to determine which appliances should continue 
operating and which loads could be temporarily restricted without compromising essen-
tial household services. 

The decision process was based on the Ethical Load Priority Model introduced in 
Section 4. Each identified appliance was assigned a Priority Index reflecting its technical 
importance, health relevance, user utility, and operational flexibility. Medically relevant 
devices, such as CPAP respiratory support systems or medical refrigeration units used for 
medicine preservation, received the highest priority level and were therefore protected 
from service interruption. 

As a result, the medical refrigerator (or CPAP system) remained continuously oper-
ational 𝑎ெோ(𝑡) = 𝑎𝑙𝑙𝑜𝑤 

while the television load was denied 𝑎்௏(𝑡) = 𝑑𝑒𝑛𝑦 

This behavior illustrates one of the fundamental principles of the proposed Energy 
Guardianship framework. Although the television and the medical device may exhibit 
comparable power consumption levels, their impact on user well-being differs substan-
tially. Consequently, the decision process is not driven exclusively by electrical demand 
but also by the functional role of the appliance within the household. 

Figure 13 provides a conceptual representation of this decision-making process. The 
figure compares the electrical signatures (V-I trajectories, not all features) associated with 
a medically critical appliance and a non-essential entertainment load (added to the PLAID 
database). Through NILM-based load identification, the framework recognizes the appli-
ance category and associates it with the corresponding priority class before generating the 
final management action. 

The example demonstrates how electrical signature recognition can be transformed 
into socially aware energy management decisions. Once the appliance has been identified, 
the AI engine evaluates the current energy constraints and determines whether the re-
quested load should be authorized, postponed, limited, or denied. In the considered sce-
nario, the medical refrigerator (or CPAP device) receives priority access to the available 
energy resources, whereas the television is temporarily disconnected to preserve energy 
availability for critical services. 

The obtained results highlight an important limitation of traditional demand-side 
management approaches. Conventional optimization strategies would typically treat both 
appliances as electrical loads characterized only by their power demand. In contrast, the 
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proposed framework introduces an additional semantic layer that links appliance recog-
nition with user vulnerability and health-related requirements. This capability enables the 
implementation of ethical energy allocation policies specifically designed to support vul-
nerable users operating under constrained energy conditions. 

From a practical perspective, this scenario is representative of several real-world sit-
uations, including energy-poverty households, emergency shelters, weak-grid residential 
areas, and Renewable Energy Communities supporting medically fragile users. In all 
these cases, preserving the operation of essential appliances becomes more important than 
maximizing purely economic performance indicators. 

Overall, the results demonstrate that NILM-based appliance identification combined 
with AI-driven prioritization can effectively support human-centric energy management 
strategies. By ensuring uninterrupted operation of medically relevant devices while selec-
tively restricting non-essential loads, the proposed Energy Guardianship framework con-
tributes to improving residential energy resilience and protecting vulnerable users during 
periods of limited energy availability. 

  
allowed denied 

Figure 13. Conceptual example of critical-load protection during an energy-constrained operating 
condition. The NILM subsystem identifies the electrical signatures of a medically relevant appliance 
(medical refrigerator or CPAP device) and a non-essential entertainment load. Based on the 
assigned priority levels, the AI engine authorizes the operation of the critical appliance while 
temporarily denying the lower-priority television load to preserve essential energy services. 

When a user requests the activation of an appliance that cannot be safely supplied 
under the current operating conditions, the AI-based Energy Guardianship System does 
not immediately disconnect the load. Instead, it first issues a visual and/or audible warn-
ing informing the user that the requested appliance is not compatible with the available 
power or energy budget and indicating the reason for the restriction. A short grace period 
is then provided, allowing the user to voluntarily switch off lower-priority appliances or 
cancel the request. If the operating conditions remain unchanged after this predefined in-
terval, the system automatically disconnects the requested appliance or the whole system, 
thereby preserving the operation of critical loads and preventing overload conditions. 
This two-stage strategy combines user awareness with automated protection, improving 
both system reliability and user acceptance while ensuring uninterrupted supply to high-
priority appliances. 
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Scenario 3–PV-Aware Scheduling 

This scenario investigates the interaction between Energy Guardianship and renew-
able energy availability. The objective is to verify that flexible appliances can be automat-
ically scheduled when surplus photovoltaic energy becomes available, without compro-
mising the supply of critical household services. 

The considered residential user belongs to a Renewable Energy Community charac-
terized by shared photovoltaic generation resources. During daylight hours, photovoltaic 
production follows the typical bell-shaped profile shown in Figure 13, reaching its maxi-
mum value around midday. The AI-based management system continuously monitors 
the available photovoltaic power and evaluates whether flexible appliances can be shifted 
toward periods characterized by renewable energy surplus. 

Unlike the previous scenarios, where appliance requests were evaluated only accord-
ing to available power and priority constraints, the proposed strategy also incorporates a 
renewable-awareness criterion. Deferrable appliances such as washing machines and wa-
ter heaters are therefore scheduled according to the condition 𝑃௉௏(𝑡) > 𝑃௟௢௔ௗ(𝑡). 

When this condition is satisfied, the framework recommends or automatically au-
thorizes the activation of flexible appliances. Conversely, when photovoltaic generation is 
insufficient, non-urgent appliance requests may be postponed to periods characterized by 
higher renewable energy availability. 

Figure 14 illustrates the photovoltaic generation profile considered in the simulations 
together with the operating periods selected for flexible loads. The results show that the 
washing machine and water heater are automatically shifted from evening hours toward 
midday periods characterized by abundant solar generation. 

 

Figure 14. The proposed Energy Guardianship framework shifts flexible loads from evening hours 
to periods of high photovoltaic generation, increasing renewable energy utilization and reducing 
dependence on grid-supplied electricity. 
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This scheduling strategy produces several benefits. First, it increases photovoltaic 
self-consumption by directly utilizing locally generated renewable energy. Second, it re-
duces dependence on the electrical grid during peak demand periods. Third, it preserves 
battery storage resources for future operation of critical appliances. Finally, it decreases 
the probability of overload conditions and improves the overall resilience of the residen-
tial energy system. 

The AI engine generated the following representative actions: 

• Washing machine request at 7:00 PM → postponed to 12:15 PM. 
• Water heater request at 8:00 PM → postponed to 1:00 PM. 
• Television request during photovoltaic surplus → allowed without restrictions. 
• Medical refrigerator operation → continuously maintained regardless of photovol-

taic conditions. 

The comparison with the baseline scenario demonstrates that photovoltaic-aware 
scheduling significantly improves the utilization of renewable energy resources while 
maintaining user comfort and protecting vulnerable users. Critical and essential loads re-
main continuously supplied, whereas flexible loads are automatically coordinated with 
renewable energy availability. 

These results confirm that the integration of NILM-based appliance identification, 
Energy Guardianship principles, and photovoltaic-aware scheduling can provide an ef-
fective strategy for supporting vulnerable households participating in Renewable Energy 
Communities. By combining technical optimization with human-centric priorities, the 
proposed framework contributes to both renewable energy integration and socially inclu-
sive energy management. Figure 15 illustrates the PV-aware scheduling strategy, shifting 
flexible loads toward periods of higher photovoltaic generation while preserving critical-
load operation. 

 

Figure 15. Photovoltaic-aware scheduling scenario. Flexible appliances are automatically shifted 
toward periods characterized by high photovoltaic generation, increasing renewable self-
consumption while preserving battery reserves and ensuring the operation of critical loads. 
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The performance obtained with the proposed AI-assisted photovoltaic-aware sched-
uling strategy compared with the baseline scenario. The results show a significant im-
provement in the utilization of renewable energy resources. Photovoltaic self-consump-
tion increases from 42% to 71%, considering the load profile in Figure 11, demonstrating 
the effectiveness of shifting flexible loads toward periods characterized by high solar gen-
eration. The improved synchronization between appliance operation and photovoltaic 
production also reduces the amount of energy purchased from the electrical grid, decreas-
ing daily grid consumption from 8.3 kWh to 5.1 kWh. This reduction is particularly rele-
vant for vulnerable households, as it contributes to lowering electricity costs and increas-
ing energy autonomy. The increase in photovoltaic self-consumption should be inter-
preted as a consequence of the supervisory decision process rather than as the primary 
optimization objective. The framework continues to prioritize user protection while natu-
rally improving renewable energy utilization. 

It should be emphasized that this advanced functionality requires a comprehensive 
knowledge of the household’s deferrable loads, including their operating constraints, flex-
ibility windows, and user preferences. Furthermore, effective scheduling depends on a 
reliable forecast of the renewable energy generation expected for the following day, to-
gether with an estimation of the share of available energy that will be allocated to the 
vulnerable user within the Renewable Energy Community. These additional inputs ena-
ble the AI-based decision-making system to optimize appliance scheduling while ensur-
ing both energy availability for critical loads and efficient utilization of locally generated 
renewable energy. 

Scenario 4–Guaranteed Flat-Power Service Through Community Battery Support 

The fourth scenario explores a future extension of the proposed Energy Guardian-
ship framework in which distributed battery storage resources available within a Renew-
able Energy Community are strategically used to support vulnerable users experiencing 
severe economic hardship. In this case, the objective is no longer limited to optimizing 
energy consumption or preventing temporary overload conditions. Instead, the frame-
work is employed as a social energy protection mechanism capable of guaranteeing a min-
imum level of electrical service even for households that would otherwise face disconnec-
tion from the electrical grid due to payment arrears or other socio-economic vulnerabili-
ties. 

Under the current paradigm, users affected by prolonged financial difficulties may 
experience service interruptions that completely eliminate access to electricity. Such situ-
ations can have serious consequences, particularly for households relying on medically 
relevant devices, refrigeration of medicines, communication systems, or basic domestic 
services. The proposed Energy Guardianship approach introduces an alternative model 
in which a minimum electrical power allocation, referred to as a flat-power service, is 
maintained through the coordinated use of community battery resources and locally 
available renewable generation. 

In this configuration, the framework continuously evaluates the minimum power re-
quired to support appliances classified as Critical and Essential. Rather than supplying all 
household loads, the available energy is reserved for a restricted set of services necessary 
to guarantee health, safety, and basic living conditions. Typical supported appliances in-
clude medical refrigerators, CPAP systems, medicine storage equipment, communication 
devices, basic lighting, and domestic refrigeration. 

The guaranteed power allocation can be expressed as 𝑃௙௟௔௧(𝑡) = ෍𝑃௜௜∈𝒞 (𝑡) + ෍𝑃௝௝∈ℰ (𝑡) 
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where 𝑃௜ and 𝑃௝  denote the sets of critical and essential appliances, respectively, whose protection 
constitutes the core objective of the proposed Energy Guardianship framework. 

Whenever community battery resources are available, the framework prioritizes the 
satisfaction of this minimum energy demand before allocating resources to lower-priority 
loads. Consequently, non-essential and deferrable appliances may remain unavailable, 
while vulnerable users continue to receive a guaranteed level of electricity sufficient to 
preserve fundamental energy services. 

This approach introduces a significant conceptual shift in the role of energy manage-
ment systems. Rather than acting exclusively as optimization tools, AI-based energy man-
agement platforms become instruments of social protection and energy inclusion. The ob-
jective evolves from maximizing efficiency toward guaranteeing a minimum right to en-
ergy access, consistent with emerging concepts of energy justice and socially inclusive 
energy transitions. 

From the perspective of Renewable Energy Communities, the proposed mechanism 
can be interpreted as a form of collective solidarity. Community-shared batteries and re-
newable resources are not only used to improve economic performance but also to pro-
vide resilience services for the most vulnerable members of the community. Such a model 
could contribute to mitigating the effects of energy poverty, reducing involuntary service 
disconnections, and ensuring continuity of critical energy services during periods of eco-
nomic or technical hardship. 

The proposed scenario therefore extends the Energy Guardianship paradigm beyond 
conventional demand-side management. By combining AI-based load identification, eth-
ical prioritization policies, and community energy resources, the framework enables the 
implementation of a guaranteed minimum-energy service capable of protecting vulnera-
ble users while preserving the sustainability of the overall energy system. 

The obtained results confirm that battery storage further increases the resilience of 
the Energy Guardianship framework, extending the operating time of critical appliances 
without modifying the underlying priority-based decision process. 

Figure 16 illustrates the guaranteed power allocation strategy for vulnerable users 
under different operating conditions. The figure highlights how the proposed Energy 
Guardianship framework prioritizes the continuous supply of critical and essential appli-
ances, ensuring a minimum guaranteed power level even when the available energy is 
limited due to grid constraints or reduced renewable generation. This behavior represents 
one of the key distinguishing features of the proposed approach, shifting the objective 
from conventional energy optimization toward the protection of vulnerable households. 

Overall, the presented scenarios demonstrate that the proposed framework consist-
ently integrates commissioning-assisted appliance identification, energy availability as-
sessment and AI-based supervisory decision-making. The results confirm that Energy 
Guardianship is capable of dynamically allocating limited energy resources according to 
appliance criticality and user vulnerability, while improvements in renewable energy uti-
lization emerge as a beneficial secondary effect rather than the primary objective of the 
proposed methodology. 
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Figure 16. Operation of the proposed flat-power service concept for vulnerable users. The Energy 
Guardianship framework guarantees a minimum power allocation dedicated to critical and 
essential loads by combining residual grid power, community photovoltaic generation, and battery 
storage support. Non-essential loads are selectively denied during constrained operating 
conditions, ensuring continuity of medically relevant and basic residential services. The proposed 
approach transforms community energy storage from a conventional optimization resource into a 
resilience and social inclusion instrument capable of mitigating the effects of energy poverty. 

6. Discussion: Thematic Clustering of Energy Poverty  
Mitigation Policies 

To better position the proposed framework within the broader scientific discourse on 
energy poverty, a detailed analysis of the literature was conducted with particular atten-
tion to the systematic review identified as reference [50]. This study represents one of the 
most comprehensive recent investigations of the relationship between community energy 
initiatives, energy poverty alleviation, and social inclusion. By examining more than 200 
scientific contributions, the review provides a valuable overview of the strategies cur-
rently adopted worldwide to improve energy accessibility for vulnerable households and 
to strengthen social participation within the energy transition process. 

The proposed Energy Guardianship framework complements these policy-oriented 
approaches by introducing a technical supervisory layer capable of translating social pro-
tection principles into real-time operational decisions. Through the integration of com-
missioning-assisted appliance identification, energy availability assessment and AI-based 
decision-making, the framework provides a practical mechanism for prioritizing essential 
electrical services under constrained energy conditions. 

Starting from the evidence collected in [50] and from the wider body of literature 
analyzed in this work, a thematic clustering of energy poverty mitigation policies was 
developed. The objective was not to perform a statistical clustering of publications, but 
rather to identify recurring intervention patterns, common objectives, and shared opera-
tional mechanisms emerging across different geographical contexts and regulatory 
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frameworks. This process allowed the identification of five major policy clusters that col-
lectively describe the evolution of current approaches to energy poverty mitigation. 

The first cluster comprises economic support policies, including social tariffs, direct 
subsidies, financial assistance schemes, energy vouchers, and debt-relief mechanisms. 
These interventions primarily target the affordability dimension of energy poverty by re-
ducing the economic burden associated with electricity and heating services. Although 
such measures often provide immediate relief to vulnerable households, their effective-
ness is frequently dependent on the continuity of public funding, and they rarely address 
the structural causes of energy deprivation. 

The second cluster includes energy efficiency policies, which focus on reducing en-
ergy demand through improvements in building performance and appliance efficiency. 
Typical measures involve thermal insulation, building retrofits, efficient heating and cool-
ing systems, smart energy management technologies, and appliance replacement pro-
grams. Unlike economic support mechanisms, these interventions seek to generate long-
term benefits by permanently reducing energy consumption and associated costs. 

The third cluster encompasses energy literacy and participation policies, which aim 
to increase consumer awareness and promote informed energy-related behaviors. Educa-
tional campaigns, personalized energy advice, training programs, and community en-
gagement initiatives belong to this category. The literature highlights that improved en-
ergy literacy can significantly enhance the effectiveness of both financial and technological 
interventions by enabling households to make better use of available resources. 

The fourth cluster corresponds to community energy initiatives, which constitute the 
central focus of the review presented in [50]. These approaches include renewable energy 
communities, citizen energy cooperatives, collective self-consumption schemes, and 
shared generation projects. Beyond their economic benefits, community energy models 
contribute to social inclusion by encouraging citizen participation, local governance, col-
lective ownership, and a more democratic management of energy resources. Several stud-
ies reviewed in [50] identify these initiatives as promising instruments for simultaneously 
addressing affordability, sustainability, and social cohesion. 

The fifth cluster includes energy inclusion and protection policies, which specifically 
target vulnerable consumers exposed to energy insecurity or potential service disconnec-
tion. This category encompasses minimum service guarantees, protection from disconnec-
tion, identification of vulnerable users, emergency support mechanisms, and priority ac-
cess to essential energy services. These measures recognize energy as a fundamental ena-
bler of health, well-being, and social participation, and therefore seek to ensure continuity 
of supply even under adverse economic conditions. Figure 17 illustrates the clusters. 

While the reviewed literature mainly focuses on regulatory measures, financial sup-
port, governance models and community participation, comparatively limited attention 
has been devoted to operational AI-based supervisory systems capable of implementing 
these policies at the household level. The proposed Energy Guardianship framework ad-
dresses this gap by combining appliance identification, ethical prioritization and adaptive 
energy allocation within a unified decision-making architecture. At first glance, the pro-
posed Energy Guardianship approach may appear to overlap with the objectives of con-
ventional HEMS. However, the two paradigms differ substantially. While HEMS optimize 
energy flows according to technical and economic criteria, Energy Guardianship places 
vulnerable people at the center of the decision-making process, ensuring that available 
energy is allocated according to human needs, appliance criticality, and social priorities 
rather than efficiency alone. Figure 18 summarizes this conceptual transition from energy 
management to energy protection. 



Energies 2026, 19, 3506 42 of 48 
 

https://doi.org/10.3390/en19153506 

 

Figure 17. Literature-based clustering of energy poverty mitigation policies. The first five clusters 
summarize the principal policy approaches emerging from the analysis of more than 200 studies 
reviewed in [50]. Building upon these established categories, this work proposes a sixth cluster, AI 
Energy Guardianship, which integrates AI-based appliance identification, adaptive prioritization, 
and energy-aware decision-making to provide proactive protection for vulnerable energy users 
under constrained energy availability. 

While the above five clusters effectively capture the dominant approaches currently 
discussed in the literature, the results obtained in this work suggest the emergence of a 
further policy dimension that is not yet fully represented in existing classifications. This 
sixth cluster can be described as AI Energy Guardianship. Unlike previous approaches, 
which have primarily focused on affordability, efficiency, education, participation, or pro-
tection, AI energy guardianship introduces intelligent and adaptive decision-making ca-
pabilities into the management of vulnerable consumers. 

Within this paradigm, artificial intelligence techniques, non-intrusive load monitor-
ing systems, predictive algorithms, and priority-aware energy management strategies can 
be combined to actively protect users rather than simply assist them. Critical appliances 
such as medical devices, refrigeration systems for medicines, communication equipment, 
and other essential loads may be automatically identified and prioritized during periods 
of limited energy availability. At the same time, non-essential loads can be postponed, 
curtailed, or rescheduled according to predefined protection policies. 

The introduction of distributed energy resources, battery storage systems, and re-
newable energy communities further enhances the relevance of this emerging cluster. In 
such scenarios, energy management systems may evolve from passive monitoring tools 
into active guardians capable of dynamically allocating available resources to preserve 
essential energy services. Consequently, the concept of energy inclusion is extended 
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beyond guaranteed access to electricity, embracing the broader objective of ensuring the 
continuous operation of services that are critical for health, safety, and social participation. 

 

Figure 18. Comparison between conventional HEMS and the proposed Energy Guardianship 
approach. Unlike traditional HEMS, which focus on energy efficiency and cost optimization, Energy 
Guardianship prioritizes vulnerable users, combining AI-based energy management with technical, 
ethical, and social decision criteria to ensure equitable access to essential energy services. 

Furthermore, the proposed AI energy guardianship paradigm may also contribute to 
a more profound transformation of current energy poverty mitigation strategies. Traditional 
protection mechanisms are generally based on power limitation schemes, where vulnerable 
users are guaranteed access to a restricted level of instantaneous power. However, in the 
presence of distributed energy resources, renewable energy communities, and battery en-
ergy storage systems, surplus renewable energy can be accumulated and subsequently al-
located to vulnerable consumers according to social and technical priorities. Under these 
conditions, the protection paradigm could evolve from a power-based limitation approach 
toward an energy-based allocation framework. Rather than restricting users to a predefined 
maximum power level, vulnerable households could be guaranteed a minimum daily en-
ergy budget, dynamically supplied through stored renewable energy resources. Such an 
approach would provide greater operational flexibility while ensuring the continuity of es-
sential services and promoting a more equitable utilization of locally available renewable 
energy. This shift may represent a significant step from energy protection toward genuine 
energy inclusion, where the objective is no longer merely to limit consumption, but to guar-
antee access to a sufficient quantity of energy required for daily living activities. 

From this perspective, AI energy guardianship may represent the next evolutionary 
step in energy poverty mitigation policies, complementing existing approaches while 
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offering new opportunities for the protection of vulnerable consumers within increasingly 
digitalized and decentralized energy systems. 

Unlike conventional Home Energy Management Systems, whose primary objective 
is energy optimization, the proposed framework employs appliance identification as an 
enabling technology for protecting vulnerable users. Improvements in photovoltaic self-
consumption and renewable energy utilization therefore emerge as complementary out-
comes of the supervisory strategy rather than its principal objective. This distinction repre-
sents the defining characteristic of the proposed Energy Guardianship paradigm, Figure 19. 

 

Figure 19. Conceptual architecture illustrating the primary objective and secondary benefits of the 
proposed Energy Guardianship framework. The supervisory system continuously evaluates locally 
available energy resources (photovoltaic generation, battery storage and grid availability), appliance 
priorities and external availability signals to ensure the uninterrupted supply of critical loads serving 
vulnerable users. While the protection of vulnerable households represents the primary mission of the 
framework, the same decision-making process can also improve renewable energy utilization and 
photovoltaic self-consumption whenever surplus energy is available or supplied according to external 
service-provider requests. Therefore, energy optimization emerges as a complementary outcome of 
the priority-based supervisory strategy rather than its principal objective. 

Despite the encouraging results obtained from the proposed simulation scenarios, 
several challenges remain before large-scale deployment. Future implementations should 
investigate user acceptance, privacy-preserving management of appliance data, interop-
erability with existing smart-home platforms, and compliance with evolving regulatory 
frameworks governing Renewable Energy Communities. Moreover, large-scale experi-
mental validation and hardware implementation will be necessary to further assess the 
robustness and practical applicability of the proposed Energy Guardianship framework 
under real operating conditions. 
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Beyond the current implementation, Artificial Intelligence is expected to play an in-
creasingly important role in the evolution of the proposed Energy Guardianship frame-
work. Rather than being limited to the final supervisory decision, AI transforms conven-
tional electrical sensing into an intelligent appliance identification system capable of con-
tinuously learning from residential operation. The commissioning-assisted Local Appli-
ance Atlas provides the initial knowledge base, while future AI algorithms may progres-
sively update appliance signatures to compensate for aging effects, changes in operating 
conditions, supply voltage variations and the presence of electrically similar appliances. 
At the same time, distributed learning strategies can exploit knowledge collected from 
multiple households to refine priority coefficients and improve identification robustness, 
while preserving user privacy through local processing and privacy-preserving learning 
mechanisms. Artificial Intelligence may also adapt the priority model according to long-
term user behavior and explicit user feedback. For example, if a medical device is perma-
nently dismissed because it is no longer required or has become defective, the AI can pro-
gressively reduce its operational priority, allowing the available energy to be allocated to 
other appliances with lower Priority Index values that better reflect the user’s current needs. 

In this perspective, Artificial Intelligence becomes the enabling technology that con-
tinuously improves both appliance recognition and supervisory decision-making, making 
Energy Guardianship increasingly adaptive, resilient and suitable for large-scale deploy-
ment within Renewable Energy Communities. 

7. Conclusions 
This paper has presented an AI-based Energy Guardianship framework designed to 

support vulnerable households operating under constrained energy availability within 
Residential Renewable Energy Communities. Unlike conventional Home Energy Manage-
ment Systems, whose primary objective is the optimization of energy consumption and 
economic performance, the proposed framework introduces a human-centered supervi-
sory paradigm in which appliance criticality and user vulnerability become the principal 
decision criteria. 

The proposed methodology is based on a two-stage architecture consisting of an of-
fline commissioning phase and an online operational phase. During commissioning, the 
appliances installed in a dwelling are individually characterized to generate a Local Ap-
pliance Atlas containing multidimensional electrical signatures. During real-time opera-
tion, aggregate voltage and current measurements are analyzed through NILM tech-
niques, allowing appliance identification within the commissioned residential environ-
ment and providing the information required by the AI-based supervisory decision en-
gine. This house-specific approach simplifies the appliance identification problem while 
reflecting the practical deployment of residential energy management systems. 

The presented simulation scenarios demonstrate the capability of the proposed 
framework to combine appliance identification, energy availability assessment and prior-
ity-based supervisory control. The results show that the framework successfully preserves 
the operation of critical appliances, manages power constraints through adaptive load 
scheduling and supports the integration of photovoltaic generation and battery storage 
under representative residential operating conditions. 

Although the proposed supervisory strategy naturally increases renewable energy 
utilization and photovoltaic self-consumption, these improvements should be regarded 
as complementary outcomes rather than the primary objective of the framework. The cen-
tral purpose of Energy Guardianship remains the protection of vulnerable users through 
the continuity of essential household services whenever the available energy becomes in-
sufficient to satisfy all electrical demands. 
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Future research will focus on extending the proposed framework by integrating pre-
dictive renewable generation models, battery aging models, dynamic electricity pricing 
and real-time interaction with energy service providers. These developments will enable 
Energy Guardianship to support coordinated energy allocation within Renewable Energy 
Communities while preserving its fundamental mission of ensuring equitable, resilient 
and socially aware access to electrical energy. 

On the other hand, a future development of the proposed Energy Guardianship 
framework is the introduction of adaptive learning mechanisms capable of continuously 
refining appliance priorities according to long-term user behavior and explicit user feed-
back. This would allow the supervisory system to progressively adapt to changes in 
household needs, such as the installation of new appliances, the dismissal of medical de-
vices, or variations in user habits, while preserving the overall priority-based decision 
strategy. Such adaptive capabilities would further improve the flexibility, personalization, 
and long-term effectiveness of the proposed framework. 
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