Smart Home: Blueprint of Al-driven
Residential Energy Saving Project

executive summary

Household energy consumption not only constitutes a significant portion of residents' financial
expenditures but also exerts profound environmental impacts. A substantial portion of this energy is
attributed to unnecessary waste or inefficient usage. Key waste areas include suboptimal operation of
heating, ventilation, and air conditioning (HVAC) systems, inefficient operation of water heaters, and the
persistent "phantom power" consumption by various electronic devices in standby mode. This project
blueprint aims to provide innovators with a comprehensive and in-depth strategic and technical guide,
detailing how to leverage artificial intelligence (Al) to develop an integrated household energy
management system (HEMS) to address these challenges.

The core thesis of this report asserts that a truly intelligent Home Energy Management System (HEMS)
must transcend basic automation to deliver predictive, adaptive, and personalized energy optimization.

We outline three pivotal Al application pillars to achieve this: (1) Smart Automation: Leveraging machine
learning algorithms to dynamically adjust thermostats, air conditioners, and appliances based on
household routines, real-time electricity pricing, and weather patterns. (2) Precision Monitoring: Utilizing
advanced technologies like Non-Invasive Load Monitoring (NILM) to analyze total household energy
consumption, precisely identify and quantify each appliance's energy usage, transforming invisible energy
waste into actionable insights. (3) Behavior Guidance: Integrating behavioral science principles to provide
personalized energy-saving recommendations, gamified incentives, and push notifications through mobile
apps, fostering energy-saving habits through subtle behavioral influence.

This blueprint not only covers the complete technical path from basic monitoring to advanced grid
interactions (such as demand response and virtual power plants), but also delves into key challenges
during project implementation, including hardware costs, data privacy, device interoperability, and the
"sustainability paradox" of Al's energy consumption. The ultimate goal is to provide project developers
with a clear roadmap from conceptualization and technology selection to phased implementation,
enabling them to create innovative solutions that not only save substantial electricity bills for households
but also enhance living comfort and contribute to the stability of future smart grids.

Section 1: Analysis of Current Status of Household Energy



Consumption

Prior to developing any energy-saving solution, a precise quantitative analysis of the root causes must be
conducted. This section aims to thoroughly examine the composition of household electricity costs,
identify the primary sources of energy waste, and provide data support and clear objectives for subsequent
Al intervention strategies.

1.1 Key Drivers of Electricity Costs: HVAC, Water Heaters, and Household
Appliances

An analysis of household electricity consumption data reveals a critical strategic focus: the majority of
energy cost reductions are concentrated in a few key areas. According to the U.S. Energy Information
Administration (EIA), air conditioning alone accounted for 19% of residential electricity usage in 2020,
while space heating and water heating each contributed 12%". Collectively, these three components
accounted for 43% of total household electricity consumption, making them the undisputed top priority
for any energy-saving initiative'.

This energy consumption pattern exhibits significant regional variations. For instance, in the southern
United States, where hot climates and widespread electric heating prevail, households' average electricity
consumption reaches up to 1. This highlights a critical fact: effective Al solutions must possess
environmental awareness, enabling them to adjust optimization strategies based on geographical location
and climatic conditions. A heating optimization algorithm designed for cold regions may prove entirely
unsuitable for cooling-focused scenarios in hot areas.

This highly concentrated consumption pattern provides clear strategic guidance for project development.
Rather than attempting to optimize every household appliance and charger from the outset, it's more
effective to focus R&D resources and initial product features on HVAC and hot water systems. By
adopting the Pareto Principle — where 20% of effort solves 80% of problems — the project can deliver the
most significant savings for users early on, quickly validate product value, and build user trust.

1.2 Invisible Consumption: Quantifying the Impact of Standby and Phantom
Power

In addition to high-power equipment such as HVAC, a more concealed yet far-reaching form of energy



waste—standby power consumption—pervades households. This "phantom power" refers to the
electricity continuously consumed by devices in what appears to be an "off" or inactive state, to maintain
functions such as remote control reception, digital display, or rapid startup.

Multiple studies confirm that standby power consumption constitutes a significant portion of total
household electricity usage. In OECD countries, this proportion typically ranges between 3% and 10%".
A detailed study of California households found that standby power consumption varies from 14 to 169
watts, averaging 67 watts, which accounts for 5% to 26% of annual household electricity consumption®.
Major devices contributing to standby power loss include televisions, set-top boxes, and printers®.
Although individual devices emit minimal standby power (typically 0.5 to 30 watts), the cumulative effect
is substantial due to their continuous operation throughout the day*.

While manual methods like unplugging devices or switching off sockets can reduce some energy wasteo,
these approaches heavily rely on users 'self-discipline and sustained effort — a challenge in real-world
implementation. This very gap creates a golden opportunity for Al-driven automation solutions. The two
primary sources of household energy waste — inefficient HVAC scheduling and pervasive standby power
consumption — remain virtually "invisible" to average households. Users neither notice devices quietly
draining electricity nor intuitively calculate optimal daily air conditioning schedules. Human cognition
struggles with such persistent yet low-visibility issues. Here's where Al shines: it continuously optimizes
complex systems in the background through automated analysis of imperceptible data patterns. The core
value of Al-powered Home Energy Management Systems (HEMS) lies not just in convenience, but in
making "invisible" waste "visible" through monitoring and "complex" optimization "automated" through
smart control. This demonstrates why Al is essential — it goes beyond basic rule-based smart home
systems.

1.3 Consumption Benchmark: Understanding the Average Level and
Identifying Improvement Space

To enable users to clearly recognize their energy-saving potential, establishing a consumption benchmark
is crucial. Data indicate that in 2022, the average annual electricity consumption of a typical American
household was 10,791 kilowatt-hours (kWh), equivalent to approximately 899 kWh per month.

However, this average figure masks significant regional disparities. In the same year, Louisiana
households consumed an average of 14,774 kWh of electricity annually, while Hawaii's average was
merely 6,178 kWh. These data points serve as crucial references for project developers to understand
target markets, conduct market segmentation, and tailor energy-saving expectations. An efficient Home
Energy Management System (HEMS) must provide users with such contextual information through its
interface, enabling them to compare their energy consumption with regional averages. This allows for
intuitive identification of improvement opportunities and fosters intrinsic motivation for energy
conservation.



Section 2: AI-Driven HEMS Architecture Framework

A fully functional Al-powered home energy management system (HEMS) is a sophisticated integrated
system, with its architecture resembling the nervous system of a living organism. It requires a perception
layer to gather data, a central processing unit for analysis and decision-making, an interactive interface for
user communication, and actuating mechanisms to execute controls. This section will detail the core
hardware and software components that make up this system.

2.1 Sensory Nervous System: Smart Meters, Environmental Sensors, and
Smart Outlets

The foundation of the system lies in data acquisition. Without high-quality, multi-dimensional data input,
any Al algorithm would be like water without a source. The key hardware components constituting the
HEMS perception layer include:

e Smart meters: As the foundation of the system, smart meters provide total electricity consumption
data for the entire household. These high-frequency aggregated power signals serve as the raw input
for the Non-Intrusive Load Monitoring (NILM) algorithm to decompose energy consumption 8.

e Environmental sensors: These are the core components for intelligent climate control. For instance,
Google Nest thermostats integrate temperature, humidity, and ambient light sensors, which serve as
critical inputs for their learning algorithms 10. Additionally, occupancy sensors (such as motion or
door/window sensors) enable the system to accurately detect the presence of occupants,
automatically switching to deep energy-saving mode when unoccupied to prevent unnecessary
energy waste 11.

e Smart sockets: Serving a dual role in the system. Firstly, they act as "ground truth" sources for
obtaining precise energy consumption data of specific electrical appliances, which is critical for
training and validating the accuracy of the NILM model. Secondly, they also function as direct
actuators capable of controlling the power supply on/off of high-power or high standby power
devices 13.

2.2 Central Intelligence: The Core Role of AI (Cloud vs. Edge/TinyML)

The Al core serves as the 'brain' of HEMS, handling massive data processing, running machine learning
models, and making optimized decisions. Its deployment architecture primarily features two modes:



e Cloud AI: This is currently the mainstream approach. Data collected by sensors is transmitted to
cloud servers, where powerful computing clusters run sophisticated machine learning models 15.
The key advantage of this architecture lies in its ability to process massive datasets and continuously
refine models using aggregated data from numerous households. Established systems like Nest and
Samsung SmartThings heavily rely on cloud computing 11.

e Edge/Device Al (TinyML): This emerging and highly promising architecture enables machine
learning models to be highly optimized and compressed for direct execution on local hardware, such
as home central gateways or even individual smart sockets 17. Known as TinyML (Micro Machine
Learning), this approach offers significant advantages in privacy protection (sensitive data remains
within the device), low latency (no network round-trip required for decision-making), and high
reliability (operating even without internet connection) 18. It is particularly suitable for real-time
response tasks, such as immediately cutting off power when a device enters standby mode.

For project developers, making strategic choices between cloud-based and edge Al represents one of the
most critical architectural decisions in the entire project. This choice not only reflects differences in
technical implementation paths but also directly defines a product's core value proposition and market
competitiveness. While a cloud-centric model can leverage powerful computing resources, it inevitably
introduces latency, network dependencies, and raises serious user concerns about data privacy 20.
Conversely, an architecture prioritizing edge computing based on TinyML 17 can directly address these
market pain points. Such an approach can be marketed as a core selling point, highlighting features like
"privacy-first," "instant response," and "offline availability." This architectural choice directly addresses
key market adoption barriers mentioned in Section 6 (e.g., privacy and trust issues). Therefore, innovative
projects aiming to disrupt existing market patterns should seriously consider adopting hybrid or edge-first
architectures.

2.3 User Interface: A mobile application for monitoring, controlling, and
interacting

Mobile applications serve as the primary interface for user interaction with HEMS, where their design
quality directly determines user acceptance and the system's overall performance.

e (Core features: The application must provide a clear and intuitive interface for real-time monitoring
of total energy consumption and individual appliance sub-consumption, remote control of smart
devices, and historical data analysis charts 13.

e Advanced Features: An exemplary HEMS application should provide Al-powered insights and
energy-saving recommendations, such as visualizing energy sources (power grid, solar, batteries)
and consumption patterns (electrical appliances) through a Sankey diagram 24. Additionally, it
should serve as an interface for user engagement in advanced grid services like demand response,
while functioning as a platform to deliver behavioral incentives and gamification elements 24.



2.4 Actuator: Intelligent Thermostat, Networked Household Appliances and
Controllable Circuit

These components are the ultimate executors of Al decision-making, converting algorithmic outputs into
physical-world actions.

e Smart thermostat: As the primary actuator in HVAC systems, it dynamically adjusts the temperature
setpoint 16 in real time based on Al-driven optimization scheduling.

e Smart sockets/switches: not only sensors but also powerful actuators. By completely cutting off the
power supply to devices, they represent the most effective and direct means to eliminate standby
power consumption 28.

e Smart home appliances: Modern smart appliances (e.g., washing machines, dishwashers, and dryers)
can receive commands from the HEMS and execute their operational cycles during the most
economical time periods, such as when solar energy is abundant or electricity prices are low.

e System-level control: The HEMS can extend its control scope to other home systems, such as smart
lighting, electric curtains (for adjusting solar thermal gain), and EV charging stations, enabling
coordinated optimization of whole-house energy. 32

A successful HEMS (Home Energy Management System) project should transcend the design philosophy
of developing a single product (e.g., a smarter thermostat) to establish a "home energy operating system."
The system's sensors, Al core, user interface, and actuators correspond to input devices, CPU/kernel,
graphical interface, and output peripherals in a computer operating system. This "operating system"
mindset drives developers to prioritize interoperability, aiming to build an open platform compatible with
third-party devices rather than a closed proprietary ecosystem. Such a platform-based approach offers
greater scalability and future adaptability, enabling continuous evolution with emerging technologies like
V2H (Vehicle-to-Home).

Section 3: Core Al Methodology for Energy Optimization

This section constitutes the technical backbone of the report, providing an in-depth analysis of the specific
Al models and algorithms that power HEMS' intelligent decision-making, and demonstrating how they
transform raw data into actionable energy-saving measures.

3.1 Predictive Climate Control: Machine Learning Models for HVAC
Optimization



HVAC systems account for the largest share of household energy consumption and represent the most
promising area for Al optimization. The core of smart thermostats lies in their learning and predictive
capabilities.

e Al thermostats learn user behavior: Unlike traditional thermostats that rely on fixed programming,
these devices use machine learning algorithms to analyze each manual temperature adjustment,
identifying users' comfort preferences and daily routines. This enables them to automatically
generate and continuously optimize personalized temperature schedules 10.

e Predictive modeling: The system synthesizes multiple data sources—including indoor temperature
and humidity, occupancy status, building thermodynamic properties, and external weather
forecasts—to construct a dynamic thermodynamic model 6. This model predicts how early HVAC
should be activated under specific conditions to achieve target temperatures, as well as how room
temperature will fluctuate after deactivation.

e Key algorithms:

o Neural networks (NNs), such as backpropagation neural networks (BPNNs) and nonlinear
autoregressive networks with exogenous inputs (NARX), are employed to model the complex
nonlinear relationships between indoor and outdoor environmental factors and indoor
temperature 6.

o Long Short-Term Memory (LSTM): As a specialized recurrent neural network, LSTM excels in
processing time-series data, making it particularly suitable for predicting short-term indoor
temperature variations 6.

o Reinforcement Learning (RL) is a powerful learning paradigm where an "agent" (akin to a
thermostat) learns optimal control strategies through continuous trial-and-error interactions with
its environment. The system aims to maximize a cumulative "reward" function, which serves as
the core design principle of RL applications. This reward function requires a delicate balance
between energy efficiency (penalizing high energy consumption) and user comfort (penalizing
states that deviate from the optimal temperature range) 38.

e Energy efficiency: Studies and product data show that Al-powered smart thermostats can reduce
heating costs by 10-12% and cooling costs by 15% on average.34

For control systems like HVAC employing reinforcement learning, designing reward functions represents
the most critical and challenging aspect, embodying the project's core intellectual property. An overly
simplistic reward function that merely penalizes energy consumption may lead to uncomfortable indoor
environments, ultimately forcing manual intervention and rendering Al ineffective. Conversely, a reward
function solely rewarding comfort could result in energy waste. The true technical challenge lies in
constructing a sophisticated reward function capable of delicately balancing multiple objectives. It must
comprehensively consider dynamic factors such as time-of-use electricity pricing, user-customizable
comfort zones, building thermal inertia, and occupancy prediction. The system's ability to strike a balance
between "deviating temperature from the setpoint by 0.5°C" and "saving $0.10 in peak-hour electricity
bills" exemplifies its "intelligence." The unique methodology developers employ in defining this
multi-objective reward function will directly determine the system's energy-saving efficacy and user
satisfaction.



3.2 Energy Decomposition: Energy Decomposition Based on Non-Intrusive
Load Monitoring (NILM)

To achieve refined energy management, it is essential to track the precise usage of each kilowatt-hour of
electricity. Non-invasive load monitoring (NILM) technology provides an effective solution for this

purpose.

e NILM (Non-Intrusive Load Monitoring), also known as energy decomposition, is a computational
technique that deduces individual appliance consumption by analyzing aggregated power signals
from a single smart meter installed at the main power inlet. This method provides users with a

'per-item' electricity bill without requiring smart sockets for each appliance.
Working principle: The core of the NILM algorithm is to identify the unique electrical "fingerprint"

or "signature" generated by different electrical appliances when they are turned on, off, or change
their operating status. These signatures can be derived from various features extracted from the total
signal, such as step changes in active power (P) and reactive power (Q), current harmonics, and
transient noise.

Key algorithms:

o Early methods: mainly used combination optimization and hidden Markov model and so on.

o Modern deep learning: The most advanced methods currently employ deep learning models,
such as convolutional neural networks (CNNs) and recurrent neural networks (RNNs), to
automatically learn and identify complex electrical signatures from massive datasets 9.

o The multi-label classification framework: This is a highly promising new paradigm. It redefines
the NILM problem as predicting the "on/off" status of all appliances at each time point, rather
than precise power values. The advantage of this approach lies in its lower requirements for
training data—theoretically, it only needs users to record appliance usage logs, thereby reducing
the invasiveness of data collection 44.

o Domain-Antagonistic Neural Networks (DANN): Designed to enhance the generalization

capability of NILM models. By learning domain-independent features common across different
household environments, DANN enables the model to achieve superior recognition
performance on previously unseen appliances when deployed to new households 45.

Data requirements: A major challenge for NILM is the need for large amounts of labeled training
data. This is also why open datasets such as REDD and UK-DALE hold immense value for
researchers and developers 44.

3.3 Eliminating Waste at Source: Standby Power Management Based on
Device-Side Intelligence (TinyML)

NILM can diagnose standby power consumption issues, but an actuator is still required to eliminate them.

The next-generation smart socket delivers the ultimate solution by integrating device-side Al.



e TinyML solution: The next-generation smart socket can run a lightweight machine learning model
(TinyML model) directly on its built-in microcontroller 17.

e technical design :

o Hardware: Low-power microcontrollers such as ARM Cortex-M series or ESP32 are used.

o Software: Train models using frameworks like TensorFlow in the cloud, then convert, quantify,
and optimize them with tools such as TensorFlow Lite for Microcontrollers (TFLM) to generate
model files that run efficiently on microcontrollers 18.

o Function Implementation: The Al model deployed on the socket continuously analyzes the
real-time power curve of connected devices. Through training, the model can accurately
distinguish the electrical signatures of devices in "active use" and "standby" states. When the
model detects prolonged standby status, it automatically cuts off the power supply to the socket,
thereby completely eliminating "phantom power" 28.

e Challenges and Advantages: The primary technical challenge lies in the extremely limited memory
and computing resources of microcontrollers 52. However, the advantages are revolutionary:
millisecond-level real-time response, extreme privacy protection (electricity data does not need to be
uploaded to the cloud), and low dependence on cloud services, thereby reducing long-term
operational costs 17.

NILM and TinyML-based smart sockets are not competing technologies, but rather a deeply synergistic
combination. A truly intelligent system integrates them into a positive feedback loop. NILM functions
like a comprehensive "diagnostic scanner" that scans the entire home to identify appliances with
excessive standby power consumption. Based on NILM's analysis, the system provides data-driven
recommendations: "Your home entertainment center consumes $10 monthly in standby power. We
recommend installing an Al-powered smart socket." When adopted, the deployed TinyML smart socket
acts as a precision "scalpel" to precisely target the "ailments" detected by NILM. More importantly, the
accurate, labeled electricity usage data collected by the smart socket can be fed back to the central Al
core, enabling continuous optimization and calibration of NILM's recognition accuracy for such
appliances. This creates a virtuous cycle of "identification-elimination-relearning," progressively
enhancing the system's intelligence.

3.4 Behavioral Shaping: AI-Driven Boosting, Gamification, and Personalized
Recommendations

Beyond technical automated optimization, a significant portion of energy waste stems from user behavior
patterns. Al can serve as a potent 'persuasive technology' to guide users toward adopting more
energy-efficient lifestyles.

e Personalized Insights: HEMS analyzes users 'unique energy consumption patterns through NILM
(Non-Intentional Loss Measurement) to deliver highly customized energy-saving recommendations,
moving beyond generic prompts like' Save electricity. 'For example, the system might suggest:' Your
old refrigerator uses 40% more power than an energy-efficient model of the same type. Replacing it



could save you around $80 annually.'
e Behavioral nudges: The system can proactively initiate interactions to guide users toward better
decisions through nudging. For example, it might send a reminder via mobile push notifications or

voice assistant (e.g., Alexa): "I detected you've left your home, but the upstairs air conditioner is still

running. Do you need me to turn it off?" 55. Research indicates that this proactive, conversational
communication can increase the acceptance rate of energy-saving recommendations by 16% 55.

e Gamification and Social Comparison: Mobile applications can incorporate game design elements
such as points, badges, leaderboards, and energy-saving challenges to make mundane energy-saving
behaviors more engaging and appealing 58. Additionally, these apps enable users to compare their

energy consumption with anonymous neighbors or similar households, leveraging the power of

'social norms' to incentivize energy-saving actions 61.

The table below summarizes the core Al methodologies discussed in this section for home energy

management.

Table 1: Core AI Methodologies for Home Energy Management
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and local power constrained,
event consumption making
detection complex
development
challenging.

Section 4: Fully Integrated and Grid-Friendly Smart Home

With the widespread adoption of distributed energy sources (e.g., rooftop solar) and new types of loads

(e.g., electric vehicles), modern households are evolving from mere electricity consumers into

sophisticated 'prosumers.' This section examines the advanced form of Home Energy Management
Systems (HEMS): an integrated platform that intelligently coordinates all energy assets within the home
and interacts efficiently with external power grids.




4.1 Maximizing Self-Sufficiency: AI-Driven Scheduling of Solar Energy,
Energy Storage, and EV Charging

For households equipped with solar panels, battery energy storage systems (BESS), and electric vehicles,
energy management becomes exceptionally complex. The core objective is to maximize the utilization of
free solar energy while minimizing the purchase of expensive electricity from the grid.

e Al as the Central Command: Al HEMS serves as the 'central command' for energy flow 62. It
employs predictive algorithms to accurately forecast solar power generation for the next few hours
or even the entire day based on weather forecasts, while also integrating historical data to predict
household electricity load curves 24.

e Intelligent scheduling decisions: Based on these predictions, the Al system makes optimal
scheduling decisions in real time 12:

o Real-time decision-making: Should the solar energy generated now be directly supplied to the
running air conditioner, or stored in batteries for nighttime use?

o Time-sensitive decision-making: Should we charge electric vehicles using midday solar power,
or wait until nighttime when electricity prices are lower to recharge from the grid?

o Risk hedging: If the weather forecast indicates cloudy skies tomorrow, should the system
pre-charge batteries from the grid during tonight's lowest electricity rates to prepare for
potential power shortages?

e Vehicle-to-Home (V2H) technology: In advanced applications, during grid outages or peak
electricity demand, the system can even instruct electric vehicles to discharge energy backward,
utilizing their large onboard batteries as temporary backup power for household loads. This
significantly enhances both energy resilience and economic efficiency for families. 64

When HEMS integrates distributed energy sources and dispatchable loads, its core function evolves from
simple "energy conservation" to complex "financial optimization". In a basic household, Al's objective is
to minimize electricity consumption (kWh). However, in a home equipped with solar panels, energy
storage, and time-of-use pricing, the goal shifts to minimizing electricity costs ($), which are not entirely
equivalent. For instance, during periods of extremely low electricity prices, the system might choose to
increase power consumption to charge batteries—a decision that is economically optimal. Furthermore,
when households participate in grid services, the objective elevates to maximizing revenue ($$),
potentially involving selling electricity to the grid during peak pricing periods. This means the project's
core Al algorithms must expand from physics-based predictive control to an integrated decision engine
incorporating economic modeling, market price forecasting, and risk management. Essentially, developers
are building an "intelligent investment advisor for household energy assets".

4.2 From Passive Consumers to Active Participants: Participation in Demand
Response Programs



Demand Response (DR) Overview: Demand response is an incentive mechanism implemented by
power companies to address grid peak loads. It encourages users to voluntarily reduce or shift their
electricity consumption during the most strained periods (typically when prices are highest), in
exchange for electricity discounts or cash rewards, thereby helping maintain grid stability 65.
Al-powered automated participation: Al HEMS seamlessly integrates households into demand
response programs, enabling automated participation 66. When the system receives DR event signals
from the utility (e.g., predicting peak electricity hours or grid emergencies), HEMS automatically
executes predefined or dynamically generated energy-saving operations without user intervention
65:

o Pre-cooling/Pre-heating: Before the DR event begins, adjust the air conditioning temperature
one degree either lower or higher. By utilizing the building's thermal inertia, the indoor
temperature will naturally fluctuate within a comfortable range during the DR event, thereby
reducing the need for air conditioning operation during this period.

o Load shifting: automatically postponing the operation of high-power, non-urgent loads such as
electric vehicles, pool pumps, and dishwashers, and redirecting them to off-peak periods after
the DR event ends.

o Energy storage discharge: The system instructs home energy storage batteries to supply power
to household loads, and even in advanced V2G (Vehicle-to-Grid) modes, to sell electricity back
to the grid.

A win-win scenario: Through Demand Response (DR) participation, household users not only gain
economic benefits but also enhance grid stability, reducing reliance on expensive and polluting
peak-shaving power plants 67. Field tests demonstrate that DR-based load management can reduce
peak demand by over 30% 65.

4.3 The Future Belongs to the Collective: The Role of Housing in Virtual
Power Plants (VPPs)

The Virtual Power Plant (VPP) concept aggregates geographically dispersed distributed energy
sources—such as rooftop solar panels, energy storage systems, and controllable loads from
thousands of households—into a unified, dispatchable virtual power plant. This integrated system
participates in electricity markets and grid operations as a cohesive entity.

The pivotal role of Al: Al serves as the core technology enabling the realization of VPP. The central
VPP control system employs Al to conduct precise generation and load forecasting for aggregated
resources, performs complex optimization calculations to formulate optimal overall dispatch
strategies, and executes bidding and trading in the electricity market 69.

The role of households: Within the VPP framework, each household's Al HEMS functions as both
an "end-point neuron" and a "field controller." It executes dispatch commands from the VPP's
central brain while providing real-time updates on local resource status. Through signed agreements,
households authorize the VPP to dispatch their energy assets under specific conditions (e.g.,
extracting a certain amount of electricity from their batteries) and receive corresponding economic
compensation 71.



e Market transformation: VPP represents a paradigm shift in the energy sector. It transforms thousands
of passive household electricity consumers into active, coordinated, and profitable grid-level assets,
providing critical flexibility for integrating high proportions of intermittent renewable energy
sources.

While HEMS systems primarily serve households (B2C), the true value emerges when thousands of
advanced HEMS devices form Virtual Power Plants (VPPs). The savings of 15% in electricity bills for
individual households represent excellent consumer products, while the grid services provided by a VPP
of 1,000 homes could potentially offset or even prevent power companies from investing millions in new
power plant construction. This substantial B2B value creates a compelling B2B2C business model for
developers. They can not only sell products directly to consumers but also collaborate with power
companies to launch "grid-friendly smart home" services. Under this model, power companies might
subsidize users' HEMS hardware in exchange for their participation in Demand Response (DR) and VPP
programs. By deeply aligning the interests of consumers, technology providers, and power companies,
this approach can significantly accelerate market adoption.

Section 5: Blueprint for the Project's Phased
Implementation

To transform a complex Al HEMS from concept to reality, a clear, pragmatic, and step-by-step
implementation path is required. This section provides project developers with a four-phase practical
blueprint designed to balance technical complexity, user value delivery, and project risks.

5.1 Phase 1: Basic Monitoring and Rapid Efficacy

e The goal is to deliver immediate, tangible value to early adopters with minimal technical complexity
and development costs, while simultaneously building core data.

e Hardware deployment: Utilize established market products, such as branded smart sockets with
power monitoring capabilities and mainstream smart thermostats (for instance, initial integration
with Google Nest to leverage its proven learning algorithms) 13.

e Software Development: Create a basic mobile application. Its core features include integrating and
displaying real-time power consumption data from smart sockets via third-party device APIs, along
with remote thermostat control functionality.

e Al Application: At this stage, the Al capabilities primarily depend on the algorithms integrated into
the commercial thermostat. The project focuses on establishing a stable data aggregation pipeline
and a clear data visualization interface, rather than developing complex Al models in-house.



This phase of design transcends being merely a product development plan—it establishes a strategic data
collection framework. A primary challenge in Al projects is the "cold start" issue, stemming from the
scarcity of high-quality labeled training data. The first phase effectively addresses this by deploying smart
sockets that capture precise electrical power consumption data. These sockets provide essential "ground
truth" data for training and validating more complex NILM and HVAC models in the second phase.
Fundamentally, the investment in the first phase represents a direct investment in the data assets required
for the project's core Al functionalities. Developers are not only building products but also constructing
their own unique and valuable datasets during this phase.

5.2 Phase 2: Building the Central AI Brain

e Objective: Develop the project's proprietary Al core to deliver unique data-driven insights,
differentiating it from conventional smart home products on the market.

e Hardware deployment: Introduce a local central processing unit (such as a Raspberry Pi or more
powerful home server) and install a whole-house energy monitor connected to the main distribution
box.

e Software Development: Establish a data collection and processing pipeline from local gateways to
the cloud. Initiate the implementation and training of the NILM model 44, using aggregated data
from whole-house energy monitors as input and the smart socket data collected in the first phase as
training labels. Simultaneously, based on the multidimensional sensor data collected, begin training a
customized HVAC prediction model, with the goal of ultimately outperforming the built-in logic of
commercial thermostats in performance.

e Al Application: The current R&D focus is to develop a reliable and high-performance NILM
algorithm. Mobile applications will undergo major updates to display decomposed energy
consumption of individual appliances in graphical form.

5.3 Phase 3: Building the User Interaction and Behavior Guidance Engine

e Objective: To evolve the product from a basic monitoring tool into an intelligent energy manager
that actively interacts with users and guides their actions.
Hardware deployment: No additional hardware required.
Software Development: The mobile application undergoes in-depth development, integrating the
features outlined in Section 3.4: personalized energy-saving recommendations based on NILM
insights, a 'boost' engine for proactive reminders, and gamified elements including energy-saving
challenges and social comparison 55.

e Al Application: Developing algorithms behind recommendation and recommendation engine. This
may involve using unsupervised learning methods such as clustering to segment users into different
user profiles (e.g., "night owl type," "home office type") based on their energy consumption



patterns, and then push targeted recommendations.

5.4 Phase 4: Advanced Integration and Grid Services

The objective is to evolve HEMS into its ultimate form, capable of managing complex energy flows
and interacting with the power grid.

Hardware deployment: Software integration with solar inverters, home energy storage systems, and
EV charging stations via API.

Software development: Implement the advanced scheduling and optimization algorithms described
in Section 4.1. This involves building models to predict solar power generation and household loads,
and developing an optimization engine (using methods such as linear programming or reinforcement
learning) to make real-time decisions on energy storage, usage, and trading 24.

Al Application: This represents the most sophisticated phase of Al technology, requiring an
integrated system capable of multivariable prediction and real-time optimal control to maximize the
financial value of household energy assets. The system must be able to communicate with power
company servers via APIs to participate in grid services such as demand response and virtual power

plants 65.

The phased blueprint's brilliance lies in synchronizing user experience journeys with technological

evolution. In Phase 1, users gain basic visibility and control to meet initial needs. Phase 2 leverages
NILM to deepen insights, transitioning from "what happened" to "why it happened.”" Phase 3 transforms

users from passive observers to active participants through behavioral engines. Phase 4 ultimately evolves

users into interactive "prosumers" engaging with the grid. This progressive experience upgrade avoids
overwhelming users with overly complex features from the outset, while building trust in system

capabilities at each stage — a critical foundation for users to eventually accept and rely on advanced

autonomous decision-making functions.

The table below clearly outlines the key objectives and required hardware and software configurations for

each implementation phase.

Table 2: Software and Hardware Requirements for Phased Project Implementation

implementation Key objectives hsrdware Software/Al core user value

phase requirements technology stack

Phase 1: Basic Establish data Brand smart Third-party Basic Energy

Monitoring baselines to socket, device API Consumption
deliver value commercial integration and Visibility and
with rapid intelligent data Remote Control




results thermostat visualization app
Phase 2: Develop core Local Data acquisition Detailed
Central Al energy gateway/home pipeline, NILM breakdown of
Brain decomposition server, model electrical-grade
capabilities to whole-house (CNN/RNN), energy
achieve product energy monitor and customized consumption
differentiation HVAC bills with
prediction model | in-depth insights
(LSTM)
Phase 3: Increase user No additional Personalized Personalized
Behavioral engagement and hardware recommendation | Energy Saving
Engine cultivate required engine, push Guidance and
energy-saving notification Fun Interactive
habits system, gamified | Experience
Ur/ux
Phase 4: Financial APl interfaces of | Power Energy
Advanced optimization of solar inverters, generation/load self-sufficiency
Integration energy assets energy storage forecasting and revenue
and interaction systems, and EV | model, from grid
with power grid charging piles multi-objective services
optimization
engine (RL/LP),
grid service API

Section 6: Key Challenges and Strategic Considerations

Despite the promising prospects of Al HEMS, developers must remain acutely aware of and address a
series of formidable challenges during project implementation and market promotion. These challenges
span multiple dimensions, including technological, economic, and user psychology aspects, and their
proper management will directly determine the success or failure of the project.




6.1 Ecosystem navigation: barriers to interoperability

The smart home market is highly fragmented, featuring incompatible communication protocols (e.g.,
Zigbee, Z-Wave, Wi-Fi, Thread), ecosystems (e.g., Apple HomeKit, Google Home, Amazon Alexa), and
proprietary APIs from device manufacturers. For HEMS projects, the core technical challenge lies in
building a platform that seamlessly integrates with the widest possible range of third-party devices. This
requires substantial engineering resources to develop, test, and maintain numerous integration interfaces.
Adopting emerging open standards like Matter could prove an effective long-term strategy.

6.2 Building Trust: Addressing the Challenges of Data Privacy and
Algorithmic Transparency

HEMS collects highly sensitive data about users 'home life during operation, including sleep schedules,
family presence, and daily routines 21. As a result, data privacy stands as one of users' top concerns and
an inviolable red line 20. Adopting a 'privacy-first' principle from the outset—such as leveraging edge
computing and TinyML technologies to process data locally—can create a strong competitive edge in the
market.

Moreover, users generally resist entrusting their home comfort and electricity bills entirely to an
incomprehensible "black-box" Al. To build and sustain user trust, the system must maintain high
transparency. When making critical decisions, the Al should explain its rationale in plain language—for
example: "I'm increasing the air conditioning by 1°C because the next hour is peak demand, which is
expected to save you $0.5." Providing users with manual override options to challenge Al decisions at any
time is essential for establishing trust.

6.3 Economic Equilibrium: Initial Costs, Return on Investment, and User
Adoption

The substantial upfront costs of smart home hardware and Al systems remain the primary financial barrier
to adoption for average households. 20. Therefore, the project must provide consumers with a clear,
credible, and compelling ROI model. Mobile apps should consistently and quantitatively demonstrate
users 'electricity savings, thereby reinforcing the product's value proposition. As previously discussed,
exploring a B2B2C model through partnerships with power companies—reducing initial purchase costs
via subsidies—proves to be an effective approach to overcoming this challenge.



6.4 The Sustainability Paradox: Addressing Al's Energy Footprint

This is a profound yet often overlooked challenge: training and running large-scale Al models,
particularly in cloud data centers, inherently consumes massive amounts of electricity and water (for
server cooling) 73. If an Al HEMS's cloud algorithm is not designed efficiently, the energy it consumes in
data centers may even exceed the energy it saves in households, resulting in a net negative environmental
impact on a macro scale.

This further underscores the strategic importance of adopting the "Frugal AI" design principles. Project
developers should prioritize lightweight, high-efficiency machine learning models and offload
computational tasks to low-power edge devices (using TinyML technology) whenever possible, thereby
minimizing the system's carbon footprint and avoiding the paradox of "offering substantial energy
consumption for minimal energy savings" 53.

These challenges are not isolated but interconnected and mutually reinforcing. For instance, adopting an
edge-first technical architecture not only resolves specific technical issues but also directly addresses user
privacy concerns, thereby fostering trust and accelerating market adoption. Similarly, business models
partnering with power companies help consumers overcome initial cost barriers. A successful project
requires an integrated strategy capable of addressing these interconnected challenges simultaneously.
Ultimately, both technological and economic models must serve a core objective: earning user trust. The
system demands users' authorization for autonomous decisions regarding home comfort and financial
expenditures — a high trust threshold. Therefore, every aspect of the project — from privacy policy
formulation, data processing methods 21, to Al decision transparency 20 and system reliability — must
prioritize building and maintaining user trust as its paramount design principle. Trust serves as the
ultimate and most critical "gatekeeper" in this project.

Conclusion: The future of residential energy is autonomous,
predictive and efficient.

This report outlines a clear roadmap for transitioning from the current passive, reactive household energy
model to a future energy ecosystem that is intelligent, predictive, and deeply integrated with the grid.
Artificial intelligence serves as the core driver of this transformation, capable of handling complexities far
beyond what humans or simple automated rules can achieve, elevating home energy management to an
entirely new level.

By implementing the phased development strategy outlined in this blueprint, project developers can build
a robust Home Energy Management System (HEMS). The system begins with granular energy
consumption monitoring, converting invisible waste into visible data through technologies like
Non-Intrusive Load Monitoring (NILM). Building on this foundation, it employs advanced algorithms



such as reinforcement learning and time series prediction to enable predictive control of critical

equipment like HVAC systems, achieving automatic energy optimization while ensuring comfort.
Furthermore, by integrating edge computing technologies like TinyML, the system can eliminate standby

power consumption at the device level in real time, while maximizing user privacy protection.

However, technological implementation constitutes only half the battle. A truly exceptional system must

also function as an effective "behavioral coach," subtly guiding users to develop lasting energy-saving

habits through personalized incentives, gamified motivation, and socialized comparisons. Ultimately,
when households are equipped with distributed energy assets like solar panels, energy storage systems,

and electric vehicles, the Al HEMS will evolve into an intelligent energy asset optimizer. This system not

only enables household energy self-sufficiency but also transforms homes into active contributors to the

grid through mechanisms such as demand response and virtual power plant participation, thereby
generating economic returns.

For innovators embarking on this project, the road ahead is fraught with challenges spanning

technological integration, user trust, and business models. Yet by adhering to the strategic framework
outlined in this blueprint and consistently prioritizing user value and trust, the resulting products will not
only help countless households save money but also play a pivotal role in driving society's transition

toward a more sustainable and resilient energy future. The future of residential energy will undoubtedly
be shaped by autonomous, predictive, and efficient Al technologies.

Cited works

1.

Home electricity consumption-U.S. Energy Information Administration (EIA). accessed
September 4, 2025,
https://www.eia.gov/energyexplained/use-of-energy/electricity-use-in-homes.php
Average Energy Consumption per Household [2024 U.S. Study] -EnergyBot, accessed on

September 4, 2025, https://www.energybot.com/blog/average-energy-consumption.html
Measuring Standby Power-Department of Energy. accessed September 4, 2025,

https://www.energy.gov/femp/measuring-standby-power
Standby Power Usage: How Big Is the Problem? What Policies and Technical Solutions

Can Address It? -ACEEE, accessed September 4., 2025,
https://www.aceee.org/files/proceedings/2002/data/papers/SS02_Panel7 Paper04.pdf

Whole-House Standby Power Consumption Measurements | Energy Technologies Area
accessed September 4, 2025,
https://eta.lbl.gov/publications/whole-house-measurements-standby

Self-learning algorithm for predicting indoor temperature and cooling..., accessed on

September 4, 2025, https:/www.mdpi.com/2071-1050/12/17/7110
How much electricity does an American home use? -Frequently Asked Questions (FAQs)
-U.S. Energy Information Administration (EIA). accessed September 4, 2025,

https://www.eia.gov/tools/fags/faq.php?1d=97 &t=3
Al Energy Monltormg Solut1ons 2025- Ramd Innovation, published on September 4,2025,

PDF: Non-Intrusive Load Monitoring (NILM): State of the Art, accessed September 4,
2025,

https://www.researchgate.net/publication/318510754 Non Intrusive Load Monitoring N




10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

ILM A State of the Art

Google Nest [Learning Thermostat (4th Gen) -Polished Silver, accessed on September 4,
2025,

https: I fi.or rsour in le-g3-silver.html?locale=zh

Al Energy Saving | Samsung Electronics China, accessed on September 4, 2025,
https://www.samsung.com.cn/home-appliances/ai-energy-saving/

Cubed: Revolutionizing Home Energy Efficiency with Al Technology, accessed
September 4, 2025,
https://cubed.run/blog/revolutionizing-home-energy-efficiency-with-ai-technology
IoT and Energy Management: Building an Energy-Saving Home for a Sustainable
Future-Roombanker, published on September 4, 2025,
https://www.roombanker.com/zh-TW/blog/home-energy-management-in-iot/
How an AI-Powered Smart Plug Can Reduce Your Electricity Bill, published on

September 4, 2025,
https://www.bharatsmartservices.com/blogs/how-an-ai-powered-smart-plug-can-lower-ele
ctricity

Boost Efficiency with AI-Driven Energy Management | Pecan Al, accessed September 4
2025, https://www.pecan.ai/blog/optimize-efficiency-with-ai-energy-management/

How the Nest thermostat works with the radiator control valve-Google Nest guide,
accessed September 4, 2025,

https://support.google.com/googlenest/answer/9259740?hl=zh-Hant
TinyML: Al at the Edge. Harnessing the Power of Machine Learning | By Gaurika Sehgal

Accredian, accessed September 4, 2025,

https://medium.com/accredian/tinvml-ai-at-the- -f32 2

TinyML for Ultra-Low Power Al and Large Scale [oT Deployments: A..., accessed on
September 4, 2025, https:/www.mdpi.com/1999-5903/14/12/363

TinyML Custom Al Algorithms for Low-Power IoT Data Compression: A Bridge
Monitoring Case Study | Request PDF-ResearchGate, accessed on September 4, 2025,
https://www.researchgate.net/publication/372452001_TinyML_Custom_AI Algorithms
or_Low-Power IoT Data Compression A_Bridge Monitoring_Case Study

The rise of smarter homes: harnessing Al for energy efficiency and resilience. Accessed
September 4. 2025.

https://www.se.com/ww/en/insights/electricity-4-0/digitalization/the-rise-of-smarter-homes
-harnessing-ai-for-energv-efficiency-and-resilien

Data privacy and smart home energy appliances: A stated choice experiment-PMC,
accessed on September 4, 2025, https://pmc.ncbi.nlm.nih.gov/articles/PMC10637986/
Home Energy Management System-Tuya Smart. accessed on September 4. 2025,
https://www.tuya.com/cn/industry-details/Kdh31awqulddv

Energy Ease-An app on Google Play, last accessed on September 4, 2025,
https://play.google.com/store/apps/details?id=com.solarman.smarthome&hl=zh

SigCloud-Industrial & Commercial, Home Energy Management System-Al Photovoltaic
Monitoring Energy App-SigNew Energy. Last accessed: September 4, 2025.

https://www.sigenergy.com/cn/products/mysigen-app
Home Energy Monitoring-Smart Energy Monitorin hneider Electric-Schneider

Electric, accessed on September 4, 2025,
https://www.schneider-electric.cn/zh/home/inspirations/save.jsp




26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

Smart home controls save energy and simplify life-Diotec Semiconductor, accessed
September 4. 2025,

https://diotec.com/cn/latest-news/smart-home-controls-save-energy-and-simplify-life-2.ht
ml

Smart Thermostats: Pioneering HVAC and Mechanical Design-Innodez, accessed
September 4, 2025,
https://innodez.com/pioneering-the-future-smart-thermostats-redefining-hvac-and-mechani
cal-design/

Smart System for Reducing Standby Energy Consumption in Residential

Appliances-MDPI, accessed on September 4, 2025,
https://www.mdpi.com/1996-1073/17/12/2989

Al-powered smart sockets target energy-inefficient office spaces-RESET.ORG. accessed
September 4. 2025.

Samsung unveiled its "AI Home: Future Living, Now" vision at I[FA 2025. The event was

held on September 4, 2025, and more details can be found at
https://news.samsung.com/tw/%E4%B&8%89%E6%98%9F%E6%96%BCifa-2025%E7%9

9%BC%E8%A 1%A8%E3%80%8Cai-home-future-living-now%E3%80%8D%E9%A 1 %9
8%E6%99%AF.
Help and Support | SMA-Home Connect, accessed on September 4, 2025,

https://www.home-connect.cn/help-support/sma.htm
Artificial Intelligence in Smart Homes: A Guide to Daily Life, published on September 4.

2025, at

ions
Smart home devices can improve your energy efficiency-ABB. accessed on September 4,

2025, https://new.abb.com/buildings/zh/smarter-home/energy

The Role of Al in Smart Thermostats | Dependaworthy One Hour, published on September
4, 2025, https://dependaworthyonehour.com/thermostat-installation-replacement/role-of-ai/
How Machine Learning Optimizes Thermostat Settings-One Hour Air Conditioning &
Heating in Fort Worth, accessed September 4, 2025,
https://www.onehourairftworth.com/thermostat-settings/

Building an AlI-Powered, Open-Standard Thermostat for Smart Spaces: A Complete
Guide, accessed on September 4, 2025,
https://akpolatcem.medium.com/building-an-ai-powered-open-standard-thermostat-for-sm
art-spaces-a-complete-guide-0e96052e3del

Machine [earning-Based HVAC Thermostat Control, accessed on September 4, 2025,
https://xray greyb.com/hvac/machine-learning-thermostat-control

Continuous Reinforcement [.earning for HVAC Systems Control: Integrating
Hypernetworks and Transfer Learning-arXiv, accessed on September 4, 2025,
https://arxiv.org/html/2503.19212v1

An experimental evaluation of Deep Reinforcement [earning algorithms for HVAC
control, published on September 4, 2025. at https://arxiv.org/html/2401.05737v3

nstrained Reinforcement Iearning for Safe Heat Pum ntrol-arXiv, a n
September 4, 2025, https://arxiv.org/pdt/2409.19716
Google Nest Thermostat with Fog Function, available on September 4, 2025,




42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

https://www.poweredbyefi.org/eversourcect_business/google-nest-thermostat-fog-1.html?1
ocale=zh

Non-Intrusive Load Monitoring Approaches for Disageregated Energy Sensing: A Survey,
mber 4, 2025, https://pme.ncbi.nlm.nih icles/PM 181

Towards Trustworthy Energy Disaggregation: A Review of Challenges. Methods, and

Perspectives for Non-Intrusive Load Monitoring-MDPI, accessed on September 4, 2025,
https://www.mdpi.com/1424-8220/22/15/5872

Non-intrusive Load Monitoring via Multi-label Sparse Representation-based

Classification-arXiv, accessed on September 4, 2025, https://arxiv.org/pdf/1912.07360

A Semi-Supervised Approach for Improving Generalization in Non-Intrusive Load
Monitoring-PMC, accessed September 4, 2025,
https://pme.ncbi.nlm.nih.gov/articles/PMC9920243/

The UK-DALE dataset, which tracks household appliance-level electricity demand...
accessed on September 4, 2025, at

https://www.researchgate.net/publication/261289463 The UK-DALE dataset domestic_a
ppliance-level_electricity_demand and_whole-house demand from_five UK homes

The UK-DALE dataset, which includes household-level electricity demand and
whole-house demand from five UK homes, was retrieved from Semantic Scholar on

September 4, 2025=

vel- and Kellv-Knottenbelt/ 6929f7 291 94c6aba1 59d9792 1 c77dc4077e40466

Dataset name: UK Domestic Appliance-Level Electricity (UK-DALE), accessed on
September 4., 2025. https://tokhub.github.io/dbecd/links/ukdale.html

1404.0284] The UK-DALE dataset, which incl h hold-level electricity deman:

and whole-house demand from five UK homes-arXiv, accessed on September 4, 2025,
https://arxiv.org/abs/1404.0284

The IDEAL household energy dataset, including electricity, gas, contextual sensor data,
and survey data for 255 UK homes-PubMed Central, accessed on September 4, 2025,
https://pmc.ncbi.nlm.nih.gov/articles/PMC8163809/

The Use of Real Energy Consumption Data in Characterizing Residential Energy Demand

with an Inventory of UK Datasets-MDPI. accessed on September 4. 2025,
https://www.mdpi.com/1996-1073/16/16/6069

Advancing TinyML in IoT: A Holistic System-Level Perspective for
R rce-Constrained Al n tember 4, 202

https://www.mdpi.com/1999-5903/17/6/257

Integrating TinyML into Schneider Electric's connected products, with the summit date set
for September 4. 2025, at
https://cms.tinyml.org/wp-content/uploads/summit2024/Pierre-Baret final.pdf

Edge Al and TinyML: Design and Architectures for Ultra-Low Power Embedded
Intelligence PhD-Cranfield University, accessed September 4, 2025,
https://www.cranfield.ac.uk/research/phd/trans-edge-ai-and-tinyml

Voice-based Proactive Smart Home Assistants Nudging Occupants for HVAC
Energy-Saving Behaviors, accessed on September 4., 2025,

https://par.nsf. let rl/1 442

(PDF) Al-Augmented Nudges: A New Frontier for Tailored Interventions in Sustainability,
accessed on September 4, 2025,




57

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

https://www.researchgate.net/publication/387056542 Al-Augmented Nudges A New Fr
ontier for Tailored Interventions in Sustainability

. Persuasive Technology and Computational Manipulation: Hypernudging Beyond Mental
Self-Determination-Frontiers, accessed September 4, 2025,

https://www.frontiersin.org/journals/artificial-intelligence/articles/10.3389/frai.2023.12163
40/full

Empowering Energy Conservation in Buildings Through Gamification: Insights from
Diverse Applications-International Journal of Research and Innovation in Social Science,
accessed September 4, 2025,
https://rsisinternational.org/journals/ijriss/articles/empowering-energy-conservation-in-buil

dings-through-gamification-insights-from-diverse-applications/
This may be the author's version of a work that was submitted/accepted for publication in

the following source: Mulcahy, Rory, -QUT ePrints, accessed September 4, 2025,
https://eprints.qut.edu.au/199015/1/57515517.pdf

PDF) Gamification in Energy Consumption: A Model for Consumers 'Energy Savin
accessed on September 4, 2025,
https://www.researchgate.net/publication/377431712_Gamification_in_Energy Consumpti
on_A Model for Consumers' Energy Saving

Smart Meters Trigger Electricity-Saving: Play, Learn, and Interact Through Gamification
and Social Comparison-ResearchGate, accessed September 4, 2025,
https://www.researchgate.net/publication/305220079_Triggering_Electricity-Saving_Thro

ugh Smart Meters_Play Learn_And _Interact Using_Gamification_And_Social_Compari
son

Al and Smart Homes: Drivin tainable Energy Efficien 2025-Greenoz Solution
published on September 4, 2025,
https://greenozsolutions.com.au/the-future-of-home-energy-how-solar-ai-and-smart-techno
logy-will-revolutionize-your-energy-bills-in-2025/

Smart Al Energy Systems Cut Your Home's Power Bills by 30% -Illinois Renewables,
accessed September 4, 2025,

https://www.illinoisrenew.org/smart-home-integration/smart-ai-energy-systems-cut-your-h
omes-power-bills-by-30/

Innovations in Home Energy Management-Molex. accessed September 4, 2025,
https://www.molex.com/zh-cn/blog/innovations-in-home-energy-management
An AI-P I tem for Residential Demand R nse-MDPI n tember

4, 2025, https://www.mdpi.com/2079-9292/10/6/693

Bringing Al to the forefront of demand response-BrainBox Al published on September 4,
2025, https://brainboxai.com/en/articles/democratizing-demand-response-with-ai

Al in Energy Distribution Market Size | Industry Report, 2033-Grand View Research,
accessed September 4, 2025,

https://www.grandviewresearch.com/industry-analysis/ai-energy-distribution-market-repor
t

:AI Agents for Smart Grid Management 2025-Rapid Innovation, published on September 4,
2025, at https://www.rapidinnovation.io/post/ai-agents-for-grid-management
Review and Pr ts of Artificial Intellieence Technol in Virtual.... a n

September 4, 2025, https://www.mdpi.com/1996-1073/18/13/3325
Guide for Virtual Power Plant Functional Specification for Alternate and Multi-Source




71.

72.

73.

74.

75.

Generation, accessed on September 4, 2025,
https://www.energy.gov/sites/default/files/2024-06/Guide%20for%20VPP%20-%20IEEE

%20Standards_optimized 0.pdf

Design an imal ration of a Virtual P r Plant with Bidirectional Electri hicl
Chargers Saidur Rahman-University of Alberta, accessed September 4, 2025,
https://era.library.ualberta.ca/items/d323cd6a-c867-4c06-978a-19¢5956a138d/view/53e9d
41f-1a54-4188-9080-a2¢94de4c063/Rahman_Saidur 202212 MSc.pdf

(PDF) Al-based methods for renewable power system operation, accessed on September 4,
2025,

https://www.researchgate.net/publication/378122313 Artificial intelligence-based metho
ds for renewable power system operation

Addressing Challenges for the Effective Adoption of Artificial... -MDPI, accessed on
September 4, 2025, https://www.mdpi.com/2071-1050/17/13/5764

The Hidden t of Al: Ener 1, and th inabili hallen

EDRM-Electronic Discovery Reference Model-JD Supra, accessed on September 4, 2025,
https://www.jdsupra.com/legalnews/the-hidden-cost-of-ai-energy-water-and-3174983/

Al faces high energy costs in data centers — but solutions exist | MIT Sloan, accessed
September 4, 2025,

https://mitsloan.mit.edu/ideas-made-to-matter/ai-has-high-data-center-energy-costs-there-a
re-solutions




	Smart Home: Blueprint of AI-driven Residential Energy Saving Project 
	executive summary 
	Section 1: Analysis of Current Status of Household Energy Consumption 
	1.1 Key Drivers of Electricity Costs: HVAC, Water Heaters, and Household Appliances 
	1.2 Invisible Consumption: Quantifying the Impact of Standby and Phantom Power 
	1.3 Consumption Benchmark: Understanding the Average Level and Identifying Improvement Space 

	Section 2: AI-Driven HEMS Architecture Framework 
	2.1 Sensory Nervous System: Smart Meters, Environmental Sensors, and Smart Outlets 
	2.2 Central Intelligence: The Core Role of AI (Cloud vs. Edge/TinyML) 
	2.3 User Interface: A mobile application for monitoring, controlling, and interacting 
	2.4 Actuator: Intelligent Thermostat, Networked Household Appliances and Controllable Circuit 

	Section 3: Core AI Methodology for Energy Optimization 
	3.1 Predictive Climate Control: Machine Learning Models for HVAC Optimization 
	3.2 Energy Decomposition: Energy Decomposition Based on Non-Intrusive Load Monitoring (NILM) 
	3.3 Eliminating Waste at Source: Standby Power Management Based on Device-Side Intelligence (TinyML) 
	3.4 Behavioral Shaping: AI-Driven Boosting, Gamification, and Personalized Recommendations 

	Section 4: Fully Integrated and Grid-Friendly Smart Home 
	4.1 Maximizing Self-Sufficiency: AI-Driven Scheduling of Solar Energy, Energy Storage, and EV Charging 
	4.2 From Passive Consumers to Active Participants: Participation in Demand Response Programs 
	4.3 The Future Belongs to the Collective: The Role of Housing in Virtual Power Plants (VPPs) 

	Section 5: Blueprint for the Project's Phased Implementation 
	5.1 Phase 1: Basic Monitoring and Rapid Efficacy 
	5.2 Phase 2: Building the Central AI Brain 
	5.3 Phase 3: Building the User Interaction and Behavior Guidance Engine 
	5.4 Phase 4: Advanced Integration and Grid Services 

	Section 6: Key Challenges and Strategic Considerations 
	6.1 Ecosystem navigation: barriers to interoperability 
	6.2 Building Trust: Addressing the Challenges of Data Privacy and Algorithmic Transparency 
	6.3 Economic Equilibrium: Initial Costs, Return on Investment, and User Adoption 
	6.4 The Sustainability Paradox: Addressing AI's Energy Footprint 

	Conclusion: The future of residential energy is autonomous, predictive and efficient. 
	Cited works 



