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Abstract. In smart homes, 10T connects devices for real-time data collection, control, and remote
management, enhancing convenience, security, and energy efficiency. The smart appliance control
system is a crucial component of smart homes, encompassing various household appliances and
enabling automatic adjustment of device states based on user needs and environmental changes.
This improves residential comfort while optimizing energy utilization. By constructing a virtual
representation of the physical home environment, digital twins enable real-time data synchronization
between household appliances and cloud platforms, enabling users to remotely monitor appliance
operation and implement precise optimization control based on data analysis. This paper explores
the application of digital twin technology in smart appliance control, analyzing its advantages in fault
prediction and energy optimization, as well as the process of remote monitoring and optimized
control of home systems.
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1. Introduction

The rapid growth of 10T is accelerating the smart home industry, with rising global market size
and device adoption. Powered by 5G, Al, and cloud computing, smart homes enable automated
control, remote monitoring, and personalized services across lighting, appliances, security, and
climate systems. Core technologies such as communication networks ensure efficient device
interconnectivity, while Al allows learning from user behavior for intelligent adjustments. Remote
access lets users manage devices anytime. Advances in sensors, big data, edge computing, and
blockchain further improve system security, interoperability, and user experience. The rapid progress
in technology has led to various implementation models of smart home systems, including voice
recognition-based, Bluetooth- and smartphone app-controlled wireless systems, and gesture
recognition-based interactive control systems. Moreover, with the integration of the Internet and Wi-
Fi systems, smart home functionalities such as intelligent lighting control, appliance management,
intrusion alarms, and gas and smoke detection have been developed [1].

At present, smart appliances are generally equipped with automation functions, and smart home
control systems built on Internet of Things (loT) technology enable centralized management of
household devices. Users can remotely operate their appliances through mobile terminals such as
smartphones and tablets. The system consists of smart devices and a central control unit, enabling
data transmission and remote control via the Internet, while providing unified management and
analysis of device operation data [2]. Meanwhile, digital twin technology is gaining increasing
attention in the smart home domain as a critical enabler of various loT-based smart home functions.
In smart homes, the relationship between physical devices and their digital models forms a digital
twin, which is a virtual representation that serves as a real-time digital counterpart of a physical object
or process. It provides core functionalities such as real-time monitoring and behavior recognition,
energy optimization and device management, as well as remote control and intelligent decision-
making [3]. Digital twin models synchronize real-time data to mirror physical devices virtually,
enabling users to intuitively manage smart appliances remotely through apps, enhancing convenience
and comfort. Additionally, digital twin technology analyzes operational data of smart devices,
offering fault prediction, energy consumption reduction, and personalized services, thereby enabling
intelligent appliance management. Instant operational feedback, combined with user remote
management and self-regulation capabilities of smart home devices, significantly enhances the
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practicality and convenience of smart home systems [4]. The smart appliance control system is
typically composed of five layers: perception, network, digital twin model, control, and application.
It combines physical modeling and data-driven methods like machine learning to analyze and
optimize performance. With Al, big data, and digital twin technology, the system enables real-time
monitoring, fault detection, and energy-efficient, intelligent control.

Moreover, modeling, data analysis, and intelligent computing are essential for improving smart
home systems in both theory and practice. Modeling helps simplify complex operations into
manageable forms for analysis and control. Expert systems, for instance, serve as a modeling method
that can determine which rules to trigger based on device status and environmental factors in decision-
making and automated adjustment processes [5]. By analyzing vast amounts of data and using
intelligent algorithms, the system gains strong data support for intelligent scheduling and adaptive
control. Smart home apps use big data algorithms to analyze data, helping them better understand
user behavior and device usage for smarter control and personalized services [6]. Continuous
optimization and feedback correction keep models accurate and efficient. To address compatibility
issues among devices, standardizing protocols like ZigBee and Z-Wave is key to ensuring smooth
interconnectivity [7]. These methods are the core means to realize the efficient, stable and adaptive
operation of the system.

2. Smart Home System and Digital Twin

loT technology empowers smart home devices, enabling users to remotely control appliances,
enhance convenience, and improve energy efficiency while supporting a wide range of application
scenarios. The system integrates 10T and multiple vital technologies to provide functions such as
smart lighting, smart appliance control, smart energy management, intrusion alarms, and gas
detection. Figure 1 shows the application scenarios of smart home systems including various systems
with different functions. Utilizing Zigbee technology, including a microphone module, a Zigbee
coordinator, and terminals, the system employs the Speech Application Programming Interface (API)
for voice recognition and transmits control commands through wireless networks, improving speech
recognition accuracy. Commands can also be sent via a smartphone app, where the Bluetooth module
receives the command and transmits it to a microcontroller, which then controls the appliances.
Additionally, the system supports gesture recognition by capturing gestures through a camera,
processing them using image recognition technology, and executing preset appliance control tasks
[1]. With the advancement of technology, smart homes are evolving toward greater personalization,
automation, and intelligence. Featuring notable advantages such as comfort, energy efficiency, safety,
health, and convenience, they not only improve the quality of life but also lay a solid foundation for
a smarter lifestyle.

Digital Twin technology also plays a crucial role in the implementation of smart scenarios,
enabling the virtual world to map the real home environment in real time, achieving more precise
control and management. The application of Digital Twin in smart homes is extensive, particularly
in Activities of Daily Living (ADL) recognition and home management, where it offers significant
advantages. By leveraging sensor data, data preprocessing, and artificial intelligence, the system
analyzes user habits, constructs a virtual environment, and simulates real-world user behaviors,
making smart homes more intelligent and automated [3]. The Digital Twin model simulates appliance
operation in real time, using historical data to predict faults, monitor component health, and optimize
performance for comfort and energy efficiency. It supports personalized services, such as smart air
conditioners adjusting temperature and humidity based on user habits. Users can also visually monitor
and remotely control devices via mobile apps.

The smart appliance control system based on 10T and Digital Twin technology aims to establish a
highly efficient and intelligent home management model. Devices like air conditioners and lights
create digital models and connect via wireless protocols, enabling remote control, automation, and
seamless device-server interaction. The cloud platform is responsible for data storage and intelligent
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data analysis. Based on user-defined functional settings, it promptly pushes emergency notifications
to the mobile app. Users can then remotely control appliances based on feedback, while the system
itself can autonomously adjust device operations using collected data [4]. The system supports
intelligent optimization, real-time monitoring, and fault prediction by adjusting appliance operation
based on user habits and environment. For instance, smart air conditioners, combining 10T, Al, and
sensors, offer energy-efficient control and remote access. They also integrate with other devices like
lighting and curtains to adapt the home environment to user behavior, advancing a fully integrated
smart home ecosystem.

Lighting Control

System
L
X
kitchen dining

room

Curtain Control
System

front door

Security

System

room Temperature Control

System

Lighting Control |
System —%‘
|

Figure 1. Application Scenarios of Smart Home Systems

3. DT-based Smart Home System Framework

The architecture of a digital twin-based smart appliance control system primarily relies on real-
time synchronization between physical devices and their virtual models. By constructing a digital
representation, the system enables data analysis and intelligent computation, optimizing the control
and management of smart appliances. This system includes various intelligent devices, a central
control unit responsible for managing and coordinating these devices, and an internet-based
communication infrastructure that facilitates data transmission, remote control, and operational data
analysis of all connected appliances [2]. Each module or layer within the smart appliance control
system plays a distinct role while collaborating to deliver an efficient home appliance management
and intelligent control service.

The system architecture consists of five layers: Perception, Network, Digital Twin Model, Control,
and Application. The Perception Layer gathers real-time device and environmental data via sensors.
The Network Layer transmits this data reliably to the Digital Twin and Control layers. The Digital
Twin Layer builds virtual models for real-time feedback, prediction, and optimization. The Control
Layer uses this data to automatically adjust appliance behavior through intelligent algorithms. The
Application Layer offers user interfaces for monitoring and remote control. Each layer plays a distinct
role while working in an integrated manner, realizing automation and intelligence in home appliances,
ultimately enhancing the user experience. Figure 2 shows the layers of the smart appliance control
system as well as their respective functions and implementation methods.
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Figure 2. System Architecture of Smart Appliance Control Systems

3.1. Modeling

In smart home systems, various devices require specific modeling approaches for virtual mapping,
monitoring, and optimized control. Virtual simulation and control of physical devices enhance system
design, energy efficiency, and user experience. The core goals—comfort, energy optimization, and
security—are achieved through automatic adjustments. By using sensors, Al, and loT, smart homes
monitor environments in real time and automatically adjust appliance operations. The Expert System
is amodeling method based on IF-THEN rules, suitable for decision-making systems. It automatically
adjusts the states of home appliances by matching sensor data—such as temperature, illumination,
and time—uwith predefined rules. The Knowledge Base stores rules related to the operating conditions
of smart appliances, such as specific illumination levels and temperatures. These rules dynamically
adjust smart devices based on user habits and environmental data [5].

The energy scheduling function of smart home systems is also particularly important. Energy
management aims to optimize energy usage, reduce waste, enhance living comfort, and lower energy
costs. By leveraging Internet of Things (1oT), artificial intelligence (Al), and big data analytics, smart
home systems can monitor energy consumption in real time, optimize device operation, and allocate
electricity efficiently, thereby achieving energy conservation, emission reduction, and cost-effective
energy utilization. In smart appliance system modeling, Q-learning, a Reinforcement Learning
strategy based on a reward mechanism, is an effective method for optimizing the Home Energy
Management System. This approach constructs a State Space based on electricity prices and total
energy consumption, and by adjusting device operating times within the Action Space, it learns the
optimal scheduling strategy to reduce electricity consumption and costs during peak hours [8].
Additionally, the Adaptive Energy Management System, based on 10T, integrates Deep Learning and
Multi-Agent System to optimize energy scheduling for smart appliances. In this system, Long Short-
Term Memory (LSTM) networks are used for power demand forecasting, forming a Multi Prediction
System. By utilizing different time windows and input feature combinations, this system improves
prediction accuracy, effectively optimizes appliance operation strategies, enhances energy efficiency,
and reduces power loads during peak hours [9]. These modeling methods play a crucial role in the
automatic control and energy management of smart appliance systems, enabling the system to make
autonomous decisions, optimize scheduling, and reduce energy waste. While ensuring user comfort,
they also achieve low-cost and high-efficiency home energy management.
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3.2. Intelligent Computation

The smart appliance control system relies on data analysis and intelligent computation methods to
optimize appliance performance and decision-making processes by utilizing data collected from
devices, sensors, and user behaviors. The key aspects of this process include data collection, analysis,
and the application of intelligent computing methods to achieve automated control, fault diagnosis,
and energy optimization. The primary objective of data analysis in smart appliance control systems
is to extract valuable insights from large datasets, thereby enhancing the efficiency of intelligent
control tasks. In software design, smart home applications adopt big data analytics-based models,
comprising data collection, data cleaning, data processing, and data modeling. These applications
leverage data mining and machine learning techniques to conduct in-depth and accurate data analysis
[6]. Data analysis in smart appliance systems includes Descriptive, Diagnostic, and Prescriptive
Analysis. Descriptive Analysis visualizes operational data such as energy use and temperature to
assess appliance performance. Diagnostic Analysis uses data mining and pattern recognition to
identify performance issues and failure causes. Prescriptive Analysis applies optimization algorithms
and machine learning to recommend control strategies. This structured approach enhances automation,
efficiency, and sustainability in smart homes.

Intelligent computing is central to smart appliance control, enabling decision-making and self-
optimization through Al and optimization techniques. Machine learning, including supervised,
unsupervised, and deep learning, is widely used for fault detection, personalized control, and energy
efficiency. By analyzing user habits and environmental data, the system can generate optimal
operation logic to enhance efficiency. Optimization algorithms solve energy and task scheduling
problems by considering constraints like power usage and user needs. Adaptive control algorithms
adjust parameters in real time using sensor data. With the integration of multiple intelligent computing
methods, the system improves automation, enhances energy optimization, and learns from user
behaviors, ultimately creating a smarter and more efficient home environment.

3.3. System Optimization

Digital twin models play a important role in optimizing, guiding, and calibrating smart appliance
control systems. By combining big data, machine learning, and optimization algorithms, systems can
enhance operational efficiency and intelligent control, adjusting and calibrating the twin model to
maintain a high degree of consistency with the physical device. Analyzing user behavior data enables
personalized control strategies, while scheduling algorithms coordinate device collaboration. Digital
twins simulate multi-scenario conditions to test control strategies before deployment. For example,
smart air conditioners use historical and environmental data to optimize temperature control and
reduce energy use. Smart refrigerators monitor component health, predict failures, and issue early
warnings, improving system reliability and user comfort. To address the issue of poor compatibility
among devices from different brands and standards, which makes it difficult to establish a unified
ecosystem, it is necessary to promote the standardization of protocols such as ZigBee and Z-Wave to
achieve interoperability between devices. To enhance the storage, processing, and intelligent
decision-making capabilities for massive system data, Fog and edge computing should be employed
to reduce the number of transmissions between the 10T devices, thereby improving system response
speed and reliability [7].

As physical devices undergo wear and changes over time, the digital twin model requires periodic
calibration to maintain high consistency with the actual devices. During this process, 10T sensors
continuously collect real-time operational data from smart appliances, compare it with the predicted
values of the digital twin model, and adjust model parameters accordingly. The user interaction
module within the system receives user inputs and feedback, which are processed using feedback
classification functions and priority evaluation functions to ensure that the system adapts and
optimizes itself based on user requirements [10]. Furthermore, the system employs machine learning
to enable the digital twin model to continuously learn device operation patterns and automatically
optimize control strategies. For example, smart lighting systems adjust brightness level based on
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usage patterns. Model calibration is essential in digital twin applications. Through continuous
optimization and adjustment, the system improves efficiency, reduces energy use, and enhances smart
home convenience. Figure 3 shows the optimization process of the system and the closed-loop
feedback of the real environment and the virtual space.
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Figure 3. Optimization Process and Closed-Loop Feedback of the System

4. Case Study: Adaptive Lighting System Simulation Experiment

A C++ program is used to simulate the adaptive control of the lighting system in the smart
appliance control system. The experiment begins with sensor inputs that capture ambient light
intensity and time variables for different periods of the day. Based on predefined decision rules, the
system automatically adjusts the brightness of the lights. In the rule definitions, the lighting system
operates in five modes: Night Mode, Energy-saving Mode, Off Mode, High-brightness Mode, Default
Mode. The environment is categorized into three lighting conditions: Low Illumination, Moderate
Illumination, Sufficient lllumination. Additionally, the system considers four time periods: Midnight,
Morning and Evening, Daytime, and Nighttime. The specific operation rules for different scenarios
are summarized in the table 1 below.

Table 1. Smart Lighting Control Mode Rules
Periods Light Intensity Modes
Midnight (0:00-6:00) Night Mode (20%brightness)
Morning (6:00-8:00)
Evening (16:00-18:00)

Moderate Illumination (200 - 500 lux) | Energy-saving Mode (50%brightness)

Daytime (8:00-16:00) Sufficient lllumination (>500 lux) Off Mode (0%brightness)
Nighttime (18:00-24:00) Low Illumination (<200 lux) High-brightness Mode (100%brightness)
Else Else Default Mode (30%brightness)

Midnight Period (00:00 - 06:00): The lighting enters Night Mode with 20% brightness.
Morning (06:00 - 08:00) & Evening (16:00 - 18:00): If ambient light is moderate (200 - 500 lux), the
lighting operates in Energy-saving Mode with 50% brightness.
Daytime (08:00 - 16:00): If ambient light is sufficient (>500 lux), the lighting remains off (0%
brightness).

Nighttime (18:00 - 24:00): If ambient light is low (<200 lux), the lighting operates in High-
brightness Mode with 100% brightness.

Other conditions: The lighting remains in Default Mode with 30% brightness.

Simulation Output Based on the Above Operation Logic:

Time: 3:00 AM, Light Intensity: 15, Lamp Brightness: 20%

Time: 7:00 AM, Light Intensity: 600, Lamp Brightness: 30%

Time: 10:00 AM, Light Intensity: 800, Lamp Brightness: 0%

Time: 5:00 PM, Light Intensity: 300, Lamp Brightness: 50%

Time: 9:00 PM, Light Intensity: 50, Lamp Brightness: 100%
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5. Conclusions and Future Work

This paper explored the application of a digital twin-based 10T smart appliance control system in
home automation, remote monitoring, and intelligent decision-making optimization. By integrating
sensor networks and data analysis technologies, the system builds a virtual model synchronized with
the physical environment to enable precise control and adaptive optimization. The study also analyzed
modeling approaches under different scenarios, incorporating machine learning and reinforcement
learning techniques to equip the system with fault detection, self-learning, and energy management
capabilities, thereby improving energy efficiency and enhancing user comfort.

Digital twin technology holds long-term development potential in smart appliance control systems.
With continuous advancements in the Internet of Things, artificial intelligence, big data analytics, 5G
communication, and edge computing, digital twin technology will be further optimized, enhancing
the reliability, responsiveness, and security of smart homes. Empowered by digital twin technology,
smart appliance control systems are evolving toward greater intelligence, autonomy, and
personalization, forming a comprehensive ecosystem with self-learning, self-optimization, and self-
adaptive capabilities. Therefore, we can anticipate a smarter, more efficient, secure, and
environmentally friendly intelligent living environment.
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