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Abstract

The evolution of Smart Grids enabled the deployment of intelligent and decentralized
energy management solutions at the residential level. This work presents a comprehensive
Smart Home architecture that integrates real-time energy monitoring, appliance-level con-
sumption analysis, and environmental data acquisition using smart metering technologies
and distributed IoT sensors. All collected data are structured into a scalable infrastructure
that supports advanced Artificial Intelligence (AI) methods, including Large Language
Models (LLMs) and machine learning, enabling predictive analysis, personalized energy
recommendations, and natural language interaction. Proposed architecture is experimen-
tally validated through a case study on a domestic refrigerator. Two series of tests were
conducted. In the first phase, extreme usage scenarios were evaluated: one with intensive
usage and another with highly restricted usage. In the second phase, normal usage sce-
narios were tested without AI feedback and with AI recommendations following them
whenever possible. Under the extreme scenarios, AI-assisted interaction resulted in a
reduction in daily energy consumption of about 81.4%. In the normal usage scenarios, AI
assistance resulted in a reduction of around 13.6%. These results confirm that integrating AI-
driven behavioral optimization within Smart Home environments significantly improves
energy efficiency, reduces electrical stress, and promotes more sustainable energy usage.

Keywords: artificial intelligence; consumption management; energy efficiency; Smart
Grids; smart metering; sustainability

1. Introduction
Smart Homes represent a significant advancement in the way individuals interact

with their domestic environments, using modern technologies to enhance comfort, security,
energy efficiency, and overall quality of life [1–3]. The integration of Internet-connected
devices, commonly referred to as the Internet of Things, enables remote and automated
control of household systems such as lighting [4], climate regulation, security, and enter-
tainment. However, despite substantial progress in automation, user interaction within
many existing Smart Home solutions remains limited to predefined commands or rigid
interfaces, which often reduces intuitiveness and adaptability.

The incorporation of Artificial Intelligence has considerably expanded the capabilities
of Smart Home systems by allowing them to learn behavioral patterns, predict user needs,
and optimize resource management in real time. Even so, most electric current solutions

Energies 2025, 18, 6397 https://doi.org/10.3390/en18246397

https://doi.org/10.3390/en18246397
https://doi.org/10.3390/en18246397
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/energies
https://www.mdpi.com
https://orcid.org/0000-0001-5361-9809
https://orcid.org/0000-0002-0120-8247
https://orcid.org/0000-0001-7632-0690
https://doi.org/10.3390/en18246397
https://www.mdpi.com/article/10.3390/en18246397?type=check_update&version=1


Energies 2025, 18, 6397 2 of 29

still face limitations in human-machine communication because they often lack contextual
understanding and natural dialogue capabilities. This limitation prevents residents from
making fully informed decisions and restricts the potential for dynamic energy management
and sustainable operation.

The use of conversational agents in Smart Home ecosystems has the potential to greatly
enhance both user interaction and overall system intelligence [5,6]. By using data collected
through Internet of Things devices, these agents can provide context-aware responses,
anticipate user needs, and support seamless control of home appliances and energy-related
systems. This approach not only improves usability, allowing residents to operate complex
home technologies through natural language, but also enables personalized recommenda-
tions based on real-time environmental conditions and historical usage patterns [7,8]. As a
result, interaction between the user and the Smart Home becomes more intuitive, efficient,
and adaptive, contributing to optimized energy consumption and a more comfortable
living environment [9].

To address these challenges, this work proposes an innovative approach that inte-
grates a chatbot powered by a Large Language Model into a Smart Home ecosystem. This
integration enables natural, dynamic, and context-aware interaction between residents and
the intelligent home system. Through this conversational interface, users can request infor-
mation about overall home status, specific device status, energy consumption, or unusual
activity and receive intelligent feedback in real time. Additionally, the system provides
personalized recommendations to improve energy efficiency and comfort, encouraging
greater user engagement and awareness [10].

The proposed architecture includes processing real-time data collected from electric
current sensors embedded in household appliances. By analyzing these data streams, the
system identifies consumption patterns, detects inefficiencies, and suggests improvements
that users can apply directly. It also supports autonomous or semi-autonomous decision-
making, allowing both the user and the system to act proactively based on learned behaviors
and contextual insights. The integration of Internet of Things technologies, Artificial
Intelligence, and interaction based on Large Language Models transforms the Smart Home
into a responsive, adaptive, and sustainable environment, aligning technological innovation
with ecological responsibility.

To achieve this goal, Smart Home architecture was designed to define the essential
components required for data acquisition, data processing, and intelligent interaction. This
architecture forms a foundation for understanding how AI-driven reasoning and natural
language interfaces can be combined to enhance Smart Home autonomy and improve the
user experience.

The main objective of this research is to develop an intelligent, automated, and user-
friendly home energy management system that brings together real-time data collection,
AI-based analytics, and conversational interaction with a Large Language Model. This
work addresses the existing research gap, which is the lack of a holistic Smart Home energy
management solution that integrates continuous monitoring, contextual reasoning, and
natural dialogue in a single system that supports both automation and user empower-
ment. The study contributes by presenting a unified architecture based on Internet of
Things sensing and intelligent decision-making, by incorporating a Large Language Model
to enable natural and context-aware interaction with home and its appliances, and by
implementing and experimentally validating a prototype capable of identifying energy
consumption patterns and offering actionable recommendations [11]. Together, these contri-
butions demonstrate how advanced intelligent systems can improve sustainability, energy
efficiency and the overall quality of interaction in modern Smart Homes [12].
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2. Smart Home Fundamentals and Integration with Artificial Intelligence
2.1. Definition of Smart Homes with AI

Smart Homes are residential environments equipped with internet-connected de-
vices [13] that rely on the Internet of Things (IoT) to enable remote management, automa-
tion and customization of a wide range of domestic functions. These devices—including
smart thermostats, security cameras, lighting systems, environmental sensors and virtual
assistants, among others communicate with each other through Wi-Fi networks [14–18]. Be-
yond convenience, Smart Homes play a central role in promoting energy efficiency [19,20]
and sustainability, which are fundamental pillars of the green economy. By collecting
and analyzing operational data, it becomes possible to optimize energy consumption,
reduce waste and adapt the operation of household equipment to user needs. For example,
motion sensors can automatically switch lighting on or off, and intelligent systems can
recommend the most appropriate times to perform certain activities, such as opening the
refrigerator or operating the washing machine, based on consumption patterns and energy
availability [21,22].

The integration of intuitive interfaces, such as interactive dashboards and chatbots
powered by Large Language Models (LLMs), enables direct communication between
users and the system, allowing them to personalize their environment in a simple and
effective manner [23]. This modular and user-centered approach enhances not only the
functionality of connected Smart Homes but also improves user control, accessibility
and adaptability [24], supporting more intelligent energy management aligned with the
objectives of the green economy. Furthermore, Green Internet of Things technologies
contribute to the reduction in greenhouse gas emissions and can play a meaningful role in
mitigating the greenhouse effect [25–27].

2.1.1. The Impact of Artificial Intelligence on Smart Homes, Energy Optimization and
Sustainability

Artificial Intelligence (AI) has become increasingly central to the development and
operation of Smart Homes, playing a key role in improving energy efficiency, intelligent
automation and environmental sustainability [28,29]. By integrating machine learning
algorithms, neural networks and natural language processing techniques, Smart Home
systems can learn from user habits, predict consumption patterns and make optimized
decisions in real time regarding energy distribution [30,31].

AI encompasses systems that replicate human cognitive functions, including the acqui-
sition of knowledge, logical reasoning, problem solving and data driven decision-making.
In the context of Smart Homes, AI is applied to enhance automation and improve user
interaction by enabling personalized management of daily activities. Through advanced
algorithms, AI analyses the data generated by IoT devices, predicts user behavior and
automatically adjusts environmental parameters according to individual preferences [32].

A fundamental application of AI in Smart Homes lies in intelligent energy manage-
ment. By continuously analyzing data from sensors and connected devices, AI based
systems can identify opportunities for reducing energy consumption, automatically regu-
late heating and cooling, control lighting, manage appliance usage and encourage more
sustainable user behavior [33]. For example, these systems can switch off devices left in
standby mode, optimize electricity use based on dynamic pricing or predict consumption
peaks to prevent grid overload.

AI also enables deep personalization of the user experience by proactively adapting
the home environment to individual needs. Through the integration of virtual assistants
and conversational interfaces, users can interact naturally with the system and receive
energy saving recommendations, alerts regarding abnormal consumption and detailed en-
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vironmental performance reports. This type of implementation leverages IoT technologies
to support higher levels of energy efficiency [34].

Another significant aspect is the predictive capability of AI, which allows the system to
anticipate energy demands based on historical climate conditions and behavioral patterns.
This capability is essential for the efficient integration of renewable energy sources, such as
solar and wind power, whose availability is inherently variable [35].

Finally, AI enhances the resilience and security of Smart Homes by detecting system
failures, preventing electrical hazards and ensuring the continuity of essential services [36].
When combined with modular and interoperable platforms, AI enables decentralized
and scalable energy management across the home, supporting the principles of the green
economy and contributing to sustainable development [37,38].

2.1.2. Technological Solutions Implemented in AI Smart Homes

The integration of artificial intelligence (AI) into smart home environments relies on
a set of interconnected technologies that collectively enable automation, efficiency and
personalization. As illustrated in Figure 1, the conversational AI interface functions as the
central element of this architecture, linking smart sensors, neural networks and machine
learning algorithms. Through this integrated framework, devices are capable of continu-
ously monitoring environmental variables, interacting with users through natural language
and adapting their behavior over time based on learned usage patterns. This dynamic
interaction fosters a more intelligent, energy efficient and responsive home ecosystem.

 

Figure 1. Solution smart energy management with decision support.
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Several key technologies underpin the effective incorporation of AI within smart
homes. These include smart sensors, which measure and monitor environmental variables
such as temperature, humidity, electric current, voltage and motion [39–42]. Conversational
AI interfaces, such as Amazon Alexa, Google Assistant and Apple Siri, rely on AI driven
natural language processing to support seamless human machine interaction. Neural net-
works provide the computational foundation that enables the system to learn and adapt to
user behaviors through continuous pattern recognition and data analysis [43–45]. Machine
learning algorithms further enhance the system by optimizing energy efficiency, forecasting
consumption patterns and improving the overall performance of home automation in
real time.

The combination of these technologies supports the development of intelligent, adap-
tive and energy conscious living environments that align with the objectives of sustainable
and user centered smart home design.

2.2. Artificial Intelligence Applications in Smart Homes

• Energy Resource Management and Energy Efficiency

Energy management is one of the primary domains where artificial intelligence (AI)
has been applied in smart homes [46,47]. AI systems can analyze patterns of energy
consumption and optimize the operation of household devices by automatically adjust-
ing lighting, temperature, and other appliances to minimize energy waste [48]. Such
intelligent control contributes to enhanced energy efficiency and sustainability within
residential environments.

• Home Security

Home security represents another critical area in which AI technologies are increas-
ingly employed. AI-enabled security cameras can recognize faces and detect suspicious
activities, thereby alerting residents or authorities in real time. These systems can monitor
entry and exit events, identify behavioral patterns, and issue alerts when anomalies are
detected. When integrated with other Internet of Things (IoT) devices—such as motion
sensors, smart locks, and connected alarms-AI provides an additional layer of protection
for homeowners [49,50].

• User Assistance and Comfort

AI technologies also enhance user assistance and overall comfort in smart homes.
Intelligent virtual assistants, such as Amazon Alexa or Google Assistant, can manage daily
household tasks, control lighting and electronic devices, schedule appointments, make
online purchases, and respond to natural language queries [51–53]. Moreover, AI systems
can learn residents’ habits and preferences over time, enabling the home environment to
adapt proactively. Examples include scheduling appliance operations, preparing coffee
at a preferred time, or adjusting indoor temperature prior to the resident’s arrival. By
automating routine activities and anticipating user needs, AI enhances the overall living
experience while improving resource efficiency and saving time.

2.3. Challenges in Implementing Artificial Intelligence in Smart Homes

• Information Privacy and Protection

One of the primary issues with the implementation of AI in Smart Homes is privacy.
Internet-connected devices collect large amounts of data about users’ habits, preferences,
and movements. This raises security concerns, such as whether the stored and processed
data is protected against cyberattacks [54–57]. Furthermore, cybersecurity is a constant
concern, since the vulnerability of connected devices can be exploited by criminals. The
more connected devices there are, the more this vulnerability increases [58–60].



Energies 2025, 18, 6397 6 of 29

• Device Interoperability

Interoperability between different IoT devices from different brands and manufac-
turers can be a problem. Often, devices cannot communicate effectively with each other,
which can compromise the efficiency of the system. Standard protocols and integration
platforms are necessary to ensure that all devices work correctly [61,62].

• Accessibility and Cost

Although Smart Home technology is gaining popularity, it is inaccessible to many
people due to the cost of smart devices. This creates a disparity in access to the benefits of
home automation. Furthermore, accessibility can be a challenge for people with special
needs, such as the elderly or people with disabilities, who may have difficulty using
AI-based control interfaces [63,64].

3. Architecture and Prototype Proposal
Efficient energy management in Smart Homes and microgrids is becoming increasingly

essential as the number of connected devices and energy sources grows. Figure 1 presents
the architecture of a complex and intelligent system for energy management in a Smart
Home or microgrid. In the following sections, each module and their interconnections are
described, including the information data flow explanation.

3.1. Architecture Modules and Information Flow

The process begins with Energy Production, which includes planning, forecasting,
storage, and the use of energy sources. Subsequently, equipment and sensors perform
real-time consumption reading, control actions, and the collection of additional opera-
tional information.

The captured information feeds the Monitoring module, which records energy con-
sumption, equipment behavior, events, and operational parameters. These updated data
are forwarded to the Data layer, responsible for measurement, storage, and processing of
large volumes of information.

After processing, the information is contextualized and sent to the Artificial Intelli-
gence module, where it is analyzed and transformed into predictions, recommendations,
and decision support. The system also includes an AI-based chatbot, which acts as an
intelligent assistant, providing alerts and guidance in an interactive and user-friendly
manner. However, despite the automation, the user always retains the final decision: any
critical action or operational change can be manually executed through the HMI interface.

Based on the predictions and insights generated by the AI, optimized actions are
transmitted to the Control module, which performs actuation, optimizes processes, and
manages energy distribution. When necessary, commands are sent back to the equipment,
closing the operational loop.

Analytical results are also presented in the Visualization layer through dashboards,
tables, graphs, and reports, enabling the user to understand the overall state of the installa-
tion. This information ecosystem is designed to provide users with a clear perception of
their environment, supporting more efficient and conscious decision-making.

In addition to improving comfort and automation, this architecture contributes to
reducing ecological footprint. By optimizing energy consumption, identifying waste,
suggesting sustainable behaviors, and encouraging rational use of resources, the system
promotes environmentally responsible energy management.

In summary, this global architecture enables any appliance or connected device within
a Smart Home to operate intelligently, efficiently, and autonomously, while still granting the
user full control, transparent information access, and continuous decision-making support.



Energies 2025, 18, 6397 7 of 29

This architecture is highly adaptable and can be applied to a wide range of appliances,
as illustrated in Figure 1. For initial testing, the system was implemented on a refrigerator,
one of the most energy-intensive devices in a household. By framing each appliance
within the functional blocks, the system ensures a holistic and scalable approach to energy
management. The system is divided into seven main blocks, which interact with each other,
creating a cycle of operation, monitoring, analysis, and decision. Each block and its general
flow are explained in detail below.

In alignment with the challenges identified in Section 1, the presented architecture
directly addresses the electric current limitations of Smart Home systems in terms of inter-
activity, contextual intelligence, and sustainable energy management. First, the integration
of a chatbot powered by a Large Language Model (LLM) overcomes the constraints of
fixed commands and rigid interfaces by enabling natural, context-aware communication
between users and the system. This ‘conversational’ layer ensures intuitive access to system
status, performance indicators, and operational recommendations, significantly improving
usability and user engagement. Second, the combination of real-time data acquisition,
historical storage, and AI-driven analytics enhances contextual understanding, allowing
the system to learn consumption patterns, recognize anomalies, and predict optimal op-
erating conditions. As a result, decision-making becomes proactive rather than reactive,
and residents receive personalized, explainable recommendations supported by transpar-
ent information. Third, the closed operational loop—spanning measurement, forecasting,
optimization, actuation, and human supervision—creates a foundation for intelligent en-
ergy management. By coordinating distributed energy resources, storage elements, and
controllable loads, the system can reduce peak demand, minimizing operational cost and
improving overall efficiency. Consequently, the proposed architecture not only increases
autonomy and comfort but also supports environmentally responsible behavior through
data-driven recommendations, waste reduction, and sustainable operation. Together, these
mechanisms demonstrate how the proposed approach effectively addresses the deficiencies
of existing Smart Home solutions, transforming the domestic environment into an adaptive
and energy-aware ecosystem.

Figure 1 presents the functional architecture of the proposed Smart Home energy
management system, organized into a closed operational loop composed of seven inter-
connected blocks. The process begins at the Equipment layer, where sensors and actuators
acquire real-time electrical and operational variables while executing physical control
actions. These measurements are transmitted to the Monitoring block, which aggregates
consumption data, events, behavior, and equipment parameters to ensure continuous
situational awareness.

Updated information is forwarded to the Data layer, responsible for storage, valida-
tion, and processing of time-series records. The resulting contextualized data supports
the Artificial Intelligence module, which integrates predictive models, decision-support
algorithms, and a natural-language assistant. By combining real-time system status with
contextual information—such as weather forecasts, tariffs, and usage patterns, the AI mod-
ule generates optimized actions, anomaly detection, and personalized recommendations.

These recommendations are executed by the Control block, which manages load
scheduling, production and storage assets, and energy distribution while ensuring oper-
ational safety. The Production layer supplies information on renewable generation, grid
interaction, and storage status, enabling strategies such as self-consumption maximization,
peak-demand reduction, and battery optimization.

Finally, analytical results are delivered to the user through the Visualization block,
which provides dashboards, graphs, tables, and chatbot interaction. Although the system
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can operate autonomously, the HMI allows the operator to intervene, approve, or modify
decisions at any time.

Overall, Figure 1 demonstrates the complete data and control flow—from acquisition,
analysis, and optimization to physical actuation and user interaction—highlighting how
the proposed architecture enables intelligent, transparent, and sustainable Smart Home
energy management.

There are several types of electrical equipment to which this project may be applied,
as shown in Figure 2. Initial validation of the project was performed on a household
appliance—specifically the refrigerator—because it is one of the devices that consumes the
most electricity in a home.

 
Figure 2. Block diagram of the smart home energy monitoring and control framework.
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An energy monitoring system is designed to control and monitor electrical energy
efficiently, safely, and reliably. It combines sensors, control units, and user interfaces to
ensure that monitoring aids problem-solving and decision-making.

3.2. Representation of the Implemented Architecture’s Equipment and Functional Modules

Figure 2 presents the physical implementation of the logical architecture defined in
Figure 1. The devices are organized according to the same functional groups, such as energy
production, monitoring, data management, control and user interaction, which allows each
logical block to be directly associated with the equipment that performs that function.

Therefore, to further analyze Figure 2, the following blocks should be highlighted:

(1) Energy Production

The Energy Production component encompasses all on-site technologies responsible
for generating or storing energy. Typical residential deployments include photovoltaic
(PV) panels for electricity generation, wind microturbines, and solar-thermal collectors
for domestic hot water production. Storage units—either electrical batteries or thermal
accumulators—enable surplus energy to be retained and dispatched when needed. This im-
proves the self-consumption rate, reduces reliance on the grid, and mitigates intermittency
associated with renewable resources.

(2) Equipment (Energy Consumption)

This block comprises all domestic appliances that consume electrical energy, such
as refrigerators, induction hobs, washing machines, dishwashers, televisions, kettles, mi-
crowaves, and water heaters. Each appliance can be monitored individually, enabling the
system to record consumption profiles, identify operational patterns, and calculate their
contribution to total household demand. These data are transmitted to the management
platform for analytical processing.

(3) Monitoring

The Monitoring layer is responsible for real-time acquisition of system data. Sensors,
smart meters, communication APIs, image-based metering, and GPIO interfaces capture
variables such as power, voltage, electric current, temperature, or equipment status. Con-
tinuous monitoring guarantees visibility over consumption and production flows, enabling
anomaly detection, fault identification, and accurate system diagnostics.

(4) Controllers

The Controllers block comprises actuation devices capable of modifying the opera-
tional state of household loads or energy sources. Smart relays, smart plugs, and GPIO-
based actuators allow devices to be switched on/off, operated under specific schedules,
or controlled according to external signals (e.g., price tariffs or renewable availability).
Through these mechanisms, loads can be shifted to periods of higher energy availability or
lower cost, improving global system efficiency.

(5) Data (Storage and Processing)

All collected information is stored and processed within a centralized infrastructure,
which may include local servers, cloud computing systems, and dedicated databases. This
dataset supports key functionalities such as consumption analysis, historical tracking,
anomaly detection, and performance optimization. Moreover, processed data are essential
for training predictive models and generating reliable decision-making outputs.

(6) AI Models

Artificial intelligence constitutes the decision-making layer of the system. Machine
learning and optimization algorithms are employed to forecast PV generation, estimate
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future consumption, detect abnormal behavior, schedule flexible loads, and propose optimal
control actions. By converting raw sensor data into informed decisions, AI enhances
automation, energy efficiency, and user comfort while reducing operating costs.

(7) User Interfaces

User interfaces present processed information in a structured and intuitive manner.
Dashboards, visual analytics, tables, and chatbot-based interactions allow users to visualize
energy flows, assess system performance, and modify operating configurations. These
interfaces facilitate transparency and promote informed decision-making.

(8) User

The end-user interacts with the system through mobile or desktop devices. Users can
monitor real-time energy flows, receive recommendations generated by the AI, override
automatic controls, or enable predefined operating strategies. Ultimately, architecture em-
powers consumers to actively participate in household energy management, contributing
to improved efficiency, sustainability, and cost reduction.

4. Logical Architecture
To better understand the interaction among components within the architecture, the

solution is structured into three main layers, i.e., user section, software section and physical
section. Figure 3 shows a more comprehensive overview of these layers.

Figure 3. Raspberry PI 5 an architectural example that illustrates a use case.

Once the problems were identified and corresponding solutions defined, the next
step involved determining the most suitable architectural implementation strategy, which
culminated in the approach presented in Figure 3. Multiple architectural alternatives were
evaluated, with emphasis on modularity, scalability, interoperability, and reproducibility.
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The final configuration accommodates heterogeneous applications while maintaining a
low degree of implementation complexity. To achieve this, the system components were
organized into the logical framework described earlier, providing a clearer conceptual
representation of each phase of the workflow and enabling traceability across data process-
ing stages.

Figure 3 illustrates the complete end-to-end architecture and serves as a practical use
case demonstrating the operational behavior of the Raspberry Pi 5 when a user interacts
with the Google AI Studio prompt. In this scenario, the figure exposes the complete interac-
tion pipeline, beginning with user input and ending with processed data visualization and
decision support.

Logical Layers of the Architecture

• User Section—this upper layer represents direct user interaction. It comprises the
accessible endpoints, graphical interfaces, and the chatbot prompt. All communication
here is restricted to high-level data exchange; low-level system logic, databases, and
physical hardware are intentionally abstracted. This ensures usability, data privacy,
and security by preventing uncontrolled access to critical resources.

• Software Section—this layer represents the computational core and is fully deployed
on the Raspberry Pi. It contains the services and processes responsible for system
execution, including:

- Docker Engine, responsible for container orchestration and dependency isolation.
- Python version 3.13.7, scripts for data acquisition and preprocessing.
- The MQTT client, which subscribes to sensor topics and retrieves periodic mea-

surements.
- The chatbot service, which interprets user requests, fetches data from the database,

and returns coherent responses.

All operations, from sensor polling to real-time monitoring and user interaction, are
handled within this layer. Containerization ensures that each service runs independently,
improving reliability, portability, and maintainability.

• Physical Section—the bottom layer consists of the physical hardware used to collect
real-time measurements and communicate through MQTT. This includes:

- SCT-013 non-invasive electric current transformer sensor, which measures the
electric current consumed by the target appliance.

- Signal conditioning circuitry, responsible for scaling and filtering analog output.
- Analog-to-digital conversion, enabling acquisition on the Raspberry Pi.
- MQTT broker and communication modules, ensuring lightweight, low-latency

data publishing.

End-to-End Workflow
System execution begins with Docker initialization, which automatically deploys

all required containers. Running the application inside containers ensures deterministic
execution, simplified updates, and reproducibility across devices.

Once initiated, the SCT-013 sensor acquires electric current measurements at one-
minute intervals. The resulting values are transmitted via MQTT to a broker, which
decouples the producer (sensor) from consumer processes. A dedicated Python service sub-
scribes to these topics, extracts the transmitted data, and persistently stores it in InfluxDB,
enabling efficient time-series handling and historical querying.

The chatbot interface enables natural-language interaction. When the user submits
a query—such as consumption status, historical usage, or alerts—the chatbot processes
the prompt, retrieves the corresponding data from InfluxDB, and returns a structured



Energies 2025, 18, 6397 12 of 29

response. This introduces a layer of intelligence and accessibility that is absent in traditional
monitoring dashboards.

Contribution to Energy Monitoring
The primary advantage of the proposed architecture is its ability to monitor individual

appliances within a household electrical network, demonstrated here using a refrigerator.
By collecting periodic consumption data, the system can identify anomalous usage patterns,
inefficiencies, or signs of equipment failure. Real-time analytics also support demand-
response strategies and user-awareness interventions.

Appliances with higher power ratings (W) inherently produce larger energy consump-
tion footprints and therefore benefit from fine-grained monitoring to support cost-reduction
strategies. Many devices include energy-efficiency classifications, where ratings approach-
ing A++ indicate lower consumption and environmentally favorable operation. The pro-
posed system strengthens this decision-making process by notifying users—via automated
smartphone alerts—when consumption deviates significantly from the expected opera-
tional profile, which may indicate malfunction, poor efficiency, or unusual load behavior.

4.1. Prototype Architecture with Detail

Figure 3 presents a practical use case that demonstrates how the proposed architecture
can be applied to a domestic environment. In this example, the objective is to monitor the
energy consumption of a refrigerator in real time and provide visualization and intelligent
analysis of the collected data. The SCT-013 electric current sensor measures the electrical
load of the appliance, and the readings are transmitted to an ESP32 microcontroller. The
ESP32 publishes the data using the MQTT protocol.

All core services operate on a Raspberry Pi 5, which runs Docker containers to ensure
modularity and ease of deployment. O Mosquitto broker receives the MQTT messages,
while a Python script processes the measurements and stores the results in an InfluxDB
time-series database. Grafana is used to retrieve the stored values and present interactive
dashboards to the user through a web interface.

The system also incorporates an optional artificial intelligence component through
Google AI Studio. The stored consumption data can be accessed by a Large Language
Model, enabling predictive analysis, anomaly detection, and natural-language summaries
of energy usage. This workflow demonstrates a complete and extensible energy monitoring
solution, spanning data acquisition, storage, visualization, and intelligent optimization.

4.2. Process Flowchart

Figure 4 depicts the software flowchart of the monitoring system. After the Docker
services are initialized, the system verifies that all components are running correctly. The
ESP32 then acquires electric current measurements from the SCT-013 sensor. If no read-
ings are detected, the system checks the refrigerator connection and sensor status before
restarting the monitoring cycle.

Once measurements are successfully captured, the ESP32 publishes them to the MQTT
broker. A Python script consumes the messages, processes the values, and inserts them into
the InfluxDB database. Grafana connects directly to the database and displays the stored
information in dashboards that allow the user to confirm data reliability.

If the data are considered consistent, the system enables an optional optimization
stage through a chatbot supported by a Large Language Model. The user may request
summaries, ask for recommendations, or query specific consumption patterns. Based on
the stored measurements, the model can provide insights such as optimal usage periods,
anomaly alerts or potential energy-saving actions. This final step converts raw sensor data
into meaningful guidance for efficient operation of the appliance.
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Figure 4. Software flowchart of the energy monitoring system.

4.3. Voltage Divider

Figure 5 presents the schematic of the ESP32 with SCT-013 15A with voltage divider.
The voltage divider is explained in next section.

 

Figure 5. ESP32 with SCT-013 15A with voltage divider.

A voltage divider is a basic electrical circuit used to reduce voltage, with two resistors
in series that reduces a higher voltage to a lower voltage, so that it is safe for an electronic
component. This serves to adapt voltage levels, ensuring that a device does not receive a
voltage above what it supports. The SCT-013 is an electric current sensor, which generates
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a voltage proportional to the electric current that passes through the monitored wire, this
voltage can be higher than the ESP32’s analog input limit (typically 3.3 V). To protect the
ESP32, a voltage divider is used to reduce this output of the SCT-013 to the value of 3.3 V.
This way, the ESP32 can read the electric current safely using its ADC (Analog-to-Digital
Converter). This converts an analog signal, with a continuous voltage that varies smoothly,
for example, from 0 to 3.3 V, to a digital number that can be read by a microcontroller, such
as the ESP32.

5. Test Scenario and Experiments
This section presents the experimental framework used to evaluate the impact of

AI-assisted user interaction on the energy consumption and operational behavior of a
domestic refrigerator–freezer system.

The experimental methodology was structured into three sequential phases: data
acquisition, AI-based analysis and recommendation, and user-driven validation through
controlled interaction.

In the first phase, an IoT-based monitoring system was deployed to continuously
measure the electric current drawn by the appliance. The system consists of an ESP32
microcontroller and a non-invasive SCT-013 current transformer clamped around the
live conductor supplying the refrigerator. This configuration enables real-time current
measurement without requiring modifications to the electrical installation. The collected
data were transmitted to a Docker-based infrastructure, where they were stored and
organized for subsequent time-series analysis and energy estimation.

In the second phase, the acquired electric current data were processed using a cloud-
hosted Large Language Model (LLM). The LLM was not used as a direct control entity,
but rather as an intelligent analytical assistant. Through structured prompts, the model
analyzed the time-series data to identify operating states (e.g., compressor ON/OFF cycles,
start-up peaks, standby periods, and door-opening events) and to extract meaningful con-
sumption patterns. Based on this analysis, the LLM generated energy-efficiency recommen-
dations focused on user interaction, such as optimal time windows for refrigerator access
and guidelines for introducing thermal loads (e.g., placing warm food inside the appliance).

In the third phase, these AI-generated recommendations were applied by the user
during appliance operation. The user modified their interaction behavior according to the
system’s suggestions, including scheduling door-opening events, optimizing the timing
of food placement, and minimizing unnecessary thermal disturbances. The impact of this
AI-assisted behavioral adaptation was then assessed by repeating the same measurement
procedure under comparable conditions and directly comparing the resulting electric
current profiles and cumulative energy consumption.

To ensure a comprehensive evaluation, two experimental scenarios were defined:

(1) An Extreme Scenario, in which additional thermal loads and frequent interactions
were deliberately introduced to stress the system.

(2) A Normal Scenario, reflecting typical household usage patterns.

For each scenario, two operating modes were considered: conventional user behavior
(without AI assistance) and AI-assisted user behavior. This experimental design enabled a
direct quantitative comparison of energy consumption, compressor activity, and operational
stability between both approaches.

In this study, the experimental setup utilizes a domestic refrigerator–freezer intended
for a four-person household, with a rated electrical power of 175 W. The appliance offers
a net storage capacity of 246 L in the fresh-food compartment and 63 L in the freezer
compartment. Both compartments are equipped with an independently operable super-
freezing function. According to the manufacturer’s nameplate specifications, activation of
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the super-freezing mode results in an average current draw of approximately 1.6 A. All
experiments were performed under controlled ambient conditions at 20 ◦C.

The following subsections detail the data collection architecture, the interaction be-
tween the monitoring system and the LLM, the AI-assisted user strategy, and the results
obtained under both experimental scenarios.

5.1. Physical Prototype

Figure 6 illustrates the equipment used throughout the project. It presents a system
designed to measure electrical energy using an ESP32 microcontroller. The ESP32 board is
housed within a blue enclosure and connected to a voltage divider circuit composed of re-
sistors, which allows for safe measurement of the electrical signal. The voltage source (wall
outlet) serves both as the power supply and as the reference point for energy consumption
measurements. The refrigerator outlet represents the monitored load, as the refrigerator’s
power consumption is the primary variable of interest. The system wiring includes neu-
tral, live, and ground conductors, corresponding to the blue, brown, and yellow/green
wires, respectively. A SCT-013 Electric Current Sensor (15 A), a electric current transformer
clamped around the live wire, is employed to measure the electric current flow. Overall,
Figure 7 depicts an IoT-based monitoring system that highlights each essential component
used in this study.

 

Figure 6. ESP32 microcontroller panel with SCT-013 electric current sensor used to measure household
appliance energy consumption.

 

Figure 7. Materials used in architecture.
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Figure 7 represents an overview of the hardware components integrated into the IoT-
based energy monitoring architecture, including the ESP32 microcontroller, voltage divider
circuitry, and SCT-013 electric current sensor, which together enable accurate real-time
measurement of electrical parameters for household energy analysis. The Raspberry PI
is used as a local server to host the database and management services and the MQTT
broker responsible for receiving messages from the current sensor, while the wireless router
provides the network interconnection between the monitoring nodes and the data storage,
and processing infrastructure.

5.2. Data Collection and Storage Services

This section introduces the services running on a Docker-based infrastructure, which
ensures modularity, scalability, and simplified deployment for smart home applications.
Among the containerized services is a module responsible for reading data from an SCT-013
electric current sensor, used to monitor the energy consumption of a refrigerator. This
sensor provides real-time electric current measurements, which are processed locally and
made available for further analysis.

To enhance intelligence and contextual understanding, the system integrates with a
Large Language Model (LLM) hosted in the cloud. This model receives structured data
from the sensor and can reason over it, identifying patterns, detecting anomalies, and
generating insights based on historical usage and user behavior. The cloud-based nature
of the LLM allows for scalable processing and access to advanced AI capabilities without
requiring local computational resources.

Complementing this setup is a chatbot interface, which enables users to interact with
the system using natural language. Through the chatbot, users can ask questions about
their energy consumption, receive personalized suggestions, or even control devices. The
chatbot acts as a bridge between the user and the intelligent backend, making the system
more intuitive and accessible.

Together, these components demonstrate how containerized services, sensor data,
and cloud-based AI can work in synergy to create a responsive and intelligent energy
management environment.

All Docker services run in isolated containers, making the system easier to maintain
and deploy; the services can be seen in Figure 8.

 

Figure 8. Services running in Docker.



Energies 2025, 18, 6397 17 of 29

Figure 9 presents a sequence of electric current measurements recorded from the refrig-
erator over a period of several minutes. Each time-stamped entry reports the instantaneous
electric current consumption in amperes. Overall, the data illustrates the refrigerator oper-
ating in a stable regime with slight variations in electric current. These measurements were
consistently applied at all data collection points throughout this section, and the values
shown here represent only a short excerpt of the recorded dataset. The LLM leverages the
data presented in Figure 9 as a reference to process and interpret information regarding the
refrigerator’s electric current consumption.

 

Figure 9. Extract of time-series data of the refrigerator electric current consumption.

5.3. Analyze Consumption Pattern—Prompt 1

To understand the energy behavior of a domestic refrigerator, a large volume of
data was collected, relating to electric current over time. To extract relevant patterns
and automate the analysis, a large-scale language model (LLM) was applied, capable of
interpreting time series and identifying operational states based on consumption variations.

The LLM was able to distinguish four main operating states: Start-up peak, com-
pressor running, standby mode, and events where the refrigerator door was opened. The
data was segmented into complete refrigeration cycles. This approach enabled efficient
and contextualized analysis, revealing not only periods of compressor activity but also
transitions between states with high precision.

The LLM was prompted to generate a comprehensive summary grounded in the data
it possessed. The following are the responses produced by the LLM.

Prompt: “Analyze the global data”
LLM answer:
Overall Summary
On State (Compressor Running): The electric current draw is generally between 0.40 and

0.80 A. This corresponds to a power consumption of approximately 75 to 150 W.
Off State (Standby): The consumption is very low, typically between 0.03 and 0.07 A. This

represents the appliance’s electronics and perhaps an LED, consuming about 5 to 10 W.
Startup Peak (Inrush Current): When the refrigerator was first measured, the compressor

motor generated a very high current spike, which in your case reached 5.25 A. This is normal and
lasts only a fraction of a second.

Door Opening: Opening the door causes an immediate increase in consumption, as the internal
light turns on and, more importantly, the compressor is activated to compensate for the inflow of
warm air.

Detailed Event Analysis
The log can be broken down into key parts to clarify what occurred.
Measurement Start and First Cycle (20:53–21:19)
20:53–20:58: Immediately after connecting the sensor, the current values are high and unstable

(3.243.24 A, 3.523.52 A, 5.255.25 A, 1.051.05 A). This is the startup peak of the compressor. The
motor needs a lot of energy to start running.

20:59–21:18: The consumption stabilizes around 0.40 A. This is the normal operating mode of
the compressor, maintaining the cold temperature.

21:19: The current drops drastically to 0.07 A. The compressor turned off because the refrigera-
tor reached the desired temperature.
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Cooling cycle duration: Approximately 25 min.
Standby Period (21:19–21:50)
During this period, the current remains very low, mostly around 0.04 A. The refrigerator is in

standby mode, just monitoring the temperature.
Standby period duration: Approximately 31 min.
Second Cooling Cycle (21:51–22:16)
21:51: The current rises to 0.67 A. The compressor turned on again to start a new cooling cycle.
21:51–22:15: Consumption remains stable around 0.65 A.
22:16: The current drops back to 0.03 A, indicating the compressor turned off.
Cooling cycle duration: 25 min.
Previous standby period duration: 32 min.
The pattern repeats throughout the night: The refrigerator alternates between cooling cycles

(ON) of about 25–30 min and standby periods (OFF) of about 30–40 min.
Key Event: Opening the Door (08:47–09:10)
08:46: The refrigerator was in standby (0.03 A).
08:47: You noted “abri o frigorífico” (I opened the fridge), and the current immediately rises to

0.68 A.
Analysis: This increase is not just from the internal light bulb (which would consume about

0.1 A). The inflow of warm air caused the thermostat to immediately activate the compressor to
compensate for the cold loss.

08:47–09:09: Consumption remains high (between 0.63 A and 0.81 A) while the door is open.
The compressor is working continuously to combat the incoming warm air.

09:10: The current drops to 0.05 A. This indicates the door was closed, and the cooling cycle
finished shortly after.

5.4. Energy and Cost Estimate—Prompt 2

To better understand the energy consumption of a domestic refrigerator, a detailed
electric current monitoring process was performed. Using the collected data, key operating
states were identified and analyzed, including standby, active cooling, start-up peaks, and
door-opening events. Based on this analysis, it was possible to estimate the refrigerator’s
energy consumption and associated costs, posing the prompt “An estimate of consumption
was requested based on the data”. The corresponding answer is shown in Figure 10.

Output generated by the LLM (Google AI Studio) computing the refrigerator esti-
mated energy usage. Based on measured current, and duty cycle, the model predicts an
average daily consumption of approximately 1.36 kWh, corresponding to a cost of about
€0.30 per day.

Applying standard electrical assumptions, such as a voltage of 230 V, a power factor
of 0.8, and an average electricity cost of €0.22 per kWh in Portugal, the energy consumption
in each state was calculated. It was found that the refrigerator operates at a duty cycle of
approximately 44%, which is typical for this type of appliance.

This data-driven approach allowed for the estimation of daily, monthly around 9€,
and annual energy consumption and costs, providing valuable insights into the device’s
efficiency and the impact of user behavior, such as frequent door opening and its dura-
tion time.

5.5. Impact of User Behavior on Energy Efficiency—Prompt 3

This section presents key insights derived from real-time electric current measurements
of a refrigerator, highlighting user behavior, which directly impacts energy consumption.
The data reveals that the refrigerator reacts immediately and intensely to temperature
changes, especially when warm air or hot food is introduced.
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Figure 10. LLM output: estimated daily consumption.

Three main conclusions were drawn:
Instantaneous Heat Response—the compressor activates immediately upon detecting

a temperature increase when the door is opened or hot food is placed inside.
High Cost of Long Cooling Cycles—prolonged compressor activity, especially after

storing large quantities of hot food, leads to significantly higher energy consumption.
Time Matters—activating cooling cycles during off-peak hours can reduce costs with-

out compromising performance.
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These findings support a data-driven strategy to minimize energy consumption by
dividing hot food into shallow containers and storing it during off-peak hours. This
approach reduces both the duration and the cost of energy-intensive cooling cycles.

A question was asked to the Google AI Studio chatbot, which is LLM Gemini.
The question was “What is the best time to put food in the refrigerator?”
LLM answer:
The refrigerator reacts instantly and energetically to heat.
This is the most important piece of information revealed by your data.
The evidence:
At 12:46 AM, the refrigerator was idle, consuming only 0.03 A. The moment the door was

opened at 12:47 AM, introducing warm air, the compressor immediately activated, and the electric
current peaked at 0.68 A—an increase of more than 20 times.

What this means:
The refrigerator has no delays. It is designed to counteract any temperature rise. Placing hot

food inside will trigger a long, energy-intensive cooling cycle. You can’t prevent this energy spike;
you can only control when it happens and how long it lasts.

A long cooling cycle is expensive. Their data shows two distinct states: a very low-power
standby mode (<0.04 A) and a high-power operating mode (≈0.40 A to 0.80 A).

The Evidence:
The compressor operating at 0.7 A consumes about 15 to 20 times more energy than in standby

mode. A large pot of hot food represents a significant thermal load, forcing the compressor to remain
in high-power mode for an extended period.

What this means:
Reducing the duration of this high-power cycle is crucial to saving energy and money. A single

deep pot keeps the compressor running for hours. Dividing food into shallow containers increases
surface area, allowing it to cool more quickly and significantly shortening the high-power cycle.

Time is of the essence for cost.
The refrigerator runs just as hard at 8 PM as it does at 11 PM, but the cost of this work can

vary dramatically.
The Evidence:
In typical time-of-use pricing plans, running the compressor during peak hours results in

higher costs.
What this means:
Since all energy spikes are inevitable, the smartest financial strategy is to run them during

off-peak hours (typically after 10 p.m.). You’ll pay much less for the same amount of energy.
The “Best Time” Strategy is proven by collected data
Here’s a perfect, data-driven plan for storing food:
Action (Immediately after cooking):
Divide hot food into smaller, shallow containers.
Data-Based Reason:
To minimize the length of energy-intensive cooling cycles. Less runtime means fewer total

kWh used.

5.6. Refrigerator Consumption—Extreme Scenarios

The aim of this comparison is to assess how user interaction with a domestic
refrigerator–freezer affects its electrical consumption profile. The extreme scenarios corre-
spond, on one hand, to a careless and unregulated use (without AI). On the other hand,
to a usage that users strictly follow AI recommendations adheres to all established rules
(with AI).
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Figure 11 shows the 24 h electric current measurements for two experimental scenario
conditions, referred to as without AI-assistance and with AI-assistance.

 

Figure 11. Comparative measurement outcomes obtained with and without AI-assistance.

The horizontal axis represents time in minutes over a complete 24 h period, where
minute 0 corresponds to 00:00 at the beginning of the experiment and minute 1440 cor-
responds to 00:00 of the following day. The vertical axis indicates the measured electric
current drawn by the refrigeration system in amperes.

During the experiments, both the refrigerator and the freezer compartments were
in operation. The refrigerator was subjected to a fully loaded condition, caused by the
introduction of additional food load, in order to evaluate the system behavior under more
demanding and realistic operating conditions. Moreover, the super-freezing mode of the
freezer was manually activated, increasing compressor activity and electrical demand to
accelerate the freezing process and further intensify the operating conditions.

On the day without AI, the appliance was used following typical household behavior,
with door openings occurring at arbitrary times and without any energy-efficiency con-
siderations. This behavior is reflected in the blue trace, which exhibits pronounced and
frequent fluctuations, typically ranging between 1.2 A and 2.6 A. These peaks correspond
to compressor activations triggered by door openings, combined with the effects of ther-
mal disturbances, the additional thermal load, and the activated super-freeze mode. The
resulting current profile indicates repeated disruptions to the thermal balance, forcing the
compressor to operate more frequently and at higher intensity.

In contrast, on the day with AI, a controlled interaction protocol was implemented.
Door-opening events were scheduled based on recommendations provided by a chatbot-
based advisory system, which identified optimal time intervals for refrigerator access
and for placing additional products (e.g., meat) into the freezer for rapid cooling. As a
result, the orange trace remains significantly lower and more stable, mostly within the
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range of 0.3–0.4 A, with only a small number of short-duration peaks associated with the
scheduled interactions.

The comparison demonstrates that, even under dual-compartment operation, fully
loaded, and super-freezing conditions, optimized user interaction significantly reduces
compressor workload and electric current demand. Specifically, the AI-assisted scenario
achieved a reduction of approximately 82.7% in average current and more than 80% in
standard deviation, indicating improved operational stability. Furthermore, the number
of high-current peaks was reduced by approximately 95%, confirming the ability of the
proposed AI-based advisory framework to mitigate transient electrical stress and enhance
overall energy efficiency without compromising refrigeration functionality.

Impact of AI Assitance on Energy Consumption Under Extreme Operating Conditions

Figure 12 compares energy consumption over a full 24 h period under an extreme
operating scenario, with and without AI-assistance. The blue curve represents the baseline
case (day without AI), showing a steady and steep increase in cumulative energy demand,
reaching nearly 10 kWh by the end of the day. In contrast, the orange curve corresponds
to the AI-assisted scenario, where intelligent energy management significantly reduces
overall demand, limiting the total energy consumption to approximately 1.79 kWh. The
results clearly demonstrate the strong potential of AI-driven optimization strategies in
mitigating energy usage under extreme conditions, leading to substantial improvements in
system efficiency and energy savings.

 

Figure 12. Extreme scenario: accumulated energy consumption with and without AI-assistance.

5.7. Refrigerator Consumption—Normal Scenarios

To complement the analysis of the extreme operating scenarios, this section focuses on
the evaluation of typical daily usage. In the scenario without AI-assistance, the user follows
a normal usage of the refrigerator. On the other hand, when employing AI, we follow
the prescribed rules whenever feasible, without compromising the practical demands of
everyday life. The objective is to assess whether the benefits observed under stressed
conditions are also maintained in a realistic daily environment, where user behavior
follows typical domestic routines and thermal disturbances occur in a more natural and
less intensive manner.

By comparing the electric current profiles of the refrigerator operating with and
without AI-assistance user guidance during a standard working day, this section aims to
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quantify the influence of behavioral optimization on both energy consumption and system
stability. This comparison provides a more representative assessment of the applicability
and effectiveness of the proposed approach in real-world residential contexts (see Figure 13).

 

Figure 13. Electric current collected in a normal day with and without AI-assistance.

The horizontal axis represents time in minutes over a complete 24 h period, ranging
from minute 0 (00:00) to minute 1440 (00:00 of the following day). The vertical axis shows
the measured electric current in amperes. The figure compares the electrical behavior of
the refrigeration system during a normal operating day without AI assistance and a day
under AI-assisted control.

During the day without AI, the refrigerator was used according to typical household
behavior, with door openings occurring at arbitrary times without any consideration for
energy efficiency. This operating mode is represented by the green curve. Although the
baseline current remains relatively low (around 0.3–0.4 A), several pronounced current
peaks are observed, reaching values close to 0.7–0.8 A. These peaks are associated with
compressor activation triggered by thermal disturbances caused by door openings and
changes in internal thermal load. The irregularity and frequency of these current surges
indicate repeated disruptions of the thermal equilibrium, forcing the refrigeration system
to operate more frequently in order to recover its target conditions.

In contrast, during the AI-assisted day (red curve), the refrigerator usage followed
a controlled interaction schedule. Door openings were planned according to recommen-
dations provided by an AI chatbot, which suggested optimal times for accessing the
refrigerator and for placing food items, such as meat, into the freezer to optimize their
cooling process. As a result, the current profile exhibits a significantly smoother and more
stable behavior, remaining close to 0.3–0.35 A for most of the day. Only a limited number
of short-duration peaks are visible, corresponding to the scheduled interaction events.
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These results demonstrate that reducing the frequency and randomness of door open-
ings leads to fewer thermal disturbances and, consequently, a decrease in compressor
cycling activity. The AI-assisted strategy therefore contributes to a more stable electrical
profile and a reduction in transient current peaks.

Overall, the comparison highlights the potential of intelligent advisory systems to
actively influence user behavior and promote more energy-efficient operation of domestic
refrigeration appliances. In addition to lowering the average current demand, the AI-
based approach significantly reduces current variability and the occurrence of transient
peaks, contributing to improved energy efficiency and reduced electrical stress on the
system components.

Impact of AI Assistance on Energy Consumption

Figure 14 illustrates the time evolution of the accumulated electrical energy con-
sumption of the refrigeration system under conventional utilization (without AI) and
AI-assisted utilization (with AI). The accumulated energy profiles were obtained through
the cumulative integration of the measured electrical power signals recorded during the
experimental tests.

 

Figure 14. Electrical energy consumption of the refrigeration system over 24 h under conventional
and AI-assistance.

As observed in the figure, both operating modes exhibit a gradual increase in ac-
cumulated energy over time. However, the conventional utilization strategy presents a
consistently higher energy accumulation rate, as indicated by the steeper slope of the
green curve. This behavior reflects a higher and more continuous power demand of the
refrigeration system when operated without AI assistance.

In contrast, the AI-assisted utilization demonstrates a lower accumulated energy
trajectory throughout the entire operating period. The red curve shows a smoother and less
steep profile, indicating a reduced energy consumption rate under AI supervision. This
difference suggests that the AI-assistance optimizes the compressor operation, reducing
either its duty cycle or its power demand while maintaining stable system performance.

Overall, the results shown in Figure 14 confirm that the proposed AI-assistance strat-
egy leads to a reduction in electrical energy consumption compared to the conventional
approach, without compromising the operational stability of the refrigeration system.
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5.8. Results and Discussion

This section presents a consolidated quantitative evaluation of the experimental results
obtained throughout the study, with a particular focus on the Extreme Scenario, which
was designed to represent a worst-case operating condition with intensified thermal dis-
turbances and user interactions. The objective is to summarize, in a comparative and
structured manner, the impact of AI-assisted user behavior on the electrical performance
and energy consumption of the refrigeration system under these stressed conditions.

Key performance indicators were extracted from the measured current signals and
analyzed for both operating modes (without AI and with AI control) over a full 24 h period.
The selected metrics provide a comprehensive assessment of energy efficiency, compressor
activity, and electrical stability, allowing the effectiveness of the proposed AI-based user
guidance strategy to be quantitatively evaluated under maximum operational stress.

Table 1 presents a quantitative comparison between the refrigeration system operating
under conventional and AI-assisted utilization over a 24 h period, based on real current
measurements sampled at 1 min intervals.

Table 1. Impact of AI utilization on the energy consumption and operational behavior of the
refrigeration system (extreme and normal scenarios).

Extreme Scenarios Normal Scenarios

Metric Without AI With AI Difference Without AI With AI Difference

Daily
consumption

(kWh)
~9.64 ~1.79 −81.4% ~2.28 ~1.97 −13.6%

Cumulative
compressor-

related activity
time (h)

~24 h ~1.28 h −94.7% ~4.8 h ~2.5 h −47.92%

Number of
cycles ~120 ~3 −97.5% ~6 ~4 −33.3%

Maximum peak
current (A) ~2.86 A ~0.83 A −70.9% ~0.81 A ~0.67 A −17.28%

The results indicate a substantial improvement in both energy consumption and op-
erational behavior when AI-based guidance is applied. The total daily electrical energy
consumption decreased from 9.64 kWh in the conventional operating mode to 1.79 kWh
under AI assisted utilization, corresponding to a reduction of 81.4%, in case of extreme
scenarios. On the other hand, in the case of normal scenarios the total daily electrical en-
ergy consumption decreased from approximately 2.28 kWh under conventional operation
to 1.97 kWh with AI assistance, corresponding to a reduction of 13.6%. The cumulative
compressor-related activity time, defined as the total duration for which the measured
current exceeded the compressor activity threshold (I > 0.4 A), was reduced from approxi-
mately 24 h to 1.28 h, representing a reduction of 94.7%, in case of extreme scenarios This
reflects a strong decrease in the compressor duty cycle while maintaining the required op-
erational performance. In the case of normal scenarios, a reduction of 47.9% was observed
(the value decreased from approximately 4.8 h to 2.5 h).

Furthermore, in the extreme scenarios, the number of compressor cycles decreased
from approximately 120 cycles under conventional utilization to only 3 cycles with AI
assistance, corresponding to a reduction of 97.5%. On the other hand, in the case of normal
scenarios the number of compressor cycles decreased from approximately 6 cycles under
conventional utilization to only 4 cycles with AI assistance, corresponding to a reduction
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of 33.3%. This reduction is expected to decrease mechanical wear, potentially extending
compressor lifetime and improving overall system reliability.

Finally, the maximum measured current peak decreased from 2.86 A to 0.83 A (−70.9%)
for the extreme scenarios and reduced from 0.81 A to 0.67 A representing a decrease of
17.3% in the case of normal scenarios, indicating smoother and more stable electrical
behavior under AI, which is beneficial from both power quality and component protec-
tion perspectives.

Additionally, the standard deviation of the measured current signal was significantly
lower under AI assistance, reflecting reduced electrical variability and a more stable operat-
ing regime.

6. Conclusions
Despite significant technological advancements, current Smart Home solutions fre-

quently suffer from critical limitations: user interaction remains confined to rigid commands
and predefined interfaces. This restricts contextual intelligence, adaptability, and effective
energy management. This work addresses this gap by proposing a novel architecture
that integrates Internet of Things (IoT) sensing, Artificial Intelligence (AI) analytics, and a
conversational interface powered by a Large Language Model (LLM). The primary objec-
tive was to transform Smart Homes into responsive ecosystems where residents actively
participate in energy optimization through natural, context-aware interactions.

The proposed system was experimentally validated on a domestic refrigerator-freezer.
The results demonstrated the system’s capability to identify operational inefficiencies and
guide user behavior effectively. In comparison to unassisted operation, the AI-guided
approach yielded energy consumption reductions of approximately 13.6% (from 2.28 kWh
to 1.97 kWh) in normal usage scenarios and up to 81.4% under extreme stress scenarios,
from 9.64 kWh to 1.79 kWh. These efficiency gains were underpinned by a drastic opti-
mization of the compressor’s duty cycle. In extreme conditions, cumulative compressor
activity time decreased by 94.7% (dropping from ~24 h to 1.28 h), while normal conditions
saw a 47.9% reduction (4.8 h to 2.5 h), maintaining required thermal performance with
significantly less resource usage.

Analysis of the electric current profiles revealed distinct operational differences be-
tween the baseline and the AI-assisted scenarios. In the absence of assistance, frequent
thermal disturbances caused by unregulated door openings triggered intense and frequent
compressor cycles. The AI-guided interaction minimized compressor stress, reducing the
number of cycles from approximately 120 to just 3 (−97.5%) in extreme cases, and from
6 to 4 (−33.3%) in normal scenarios. Conversely, the AI-assisted scenario resulted in a
significantly more stable current profile. The analysis of electrical signatures confirmed a
smoother operational profile: maximum current peaks were mitigated by 70.9% (2.86 A to
0.83 A) in extreme scenarios and by 17.3% (0.81 A to 0.67 A) in normal use.

By mitigating thermal intrusions through proactive user guidance, the system not
only reduced immediate energy demand but also minimized high-amplitude transient
events. This reduction in current variability suggests a potential benefit regarding lower
mechanical wear and increased compressor lifespan, highlighting that intelligent guidance
impacts both energy efficiency and long-term equipment reliability.

Beyond measurable energy savings, architecture enhances system transparency and
user empowerment. By providing actionable insights through dashboards and a con-
versational chatbot, residents retain control while benefiting from proactive, explainable
recommendations. This balance between automation and human oversight fosters a more
resilient and ecologically responsible domestic environment.
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In conclusion, this research successfully bridges the gap between static automation
and dynamic user empowerment. Future work will focus on extending this validation
to multi-appliance environments, exploring interoperability across heterogeneous plat-
forms, and evaluating the long-term impacts on aggregate household energy savings and
user satisfaction.
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