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Abstract-- The growing prevalence of photovoltaic (PV) systems in smart homes thus requires sophisticated energy
management techniques that will use energy optimally while reducing grid dependence. This paper presents an
intelligent energy optimization framework integrated with various machine learning (ML) models to forecast weather
and predict energy demand within Photovoltaic-powered smart homes with battery storage. The system enables dynamic
energy source allocations based on real-time analyses of solar generation, battery status, and forecasted demand to
ensure efficiency and sustainability in energy use. It adopts a strategic approach of utilizing battery management,
charging with excess solar energy, and reserving the stored energy for low solar radiation periods. At the same time, it
switches between solar, battery, and grid power to minimize energy wastage, and therefore, reduce the dependence on the
grid. This work demonstrates the capability of ML-driven energy systems to improve smart home resilience, thus
supporting sustainable and self-sufficient energy practices.

Index Terms-- Photovoltaic Systems, Smart Homes, Intelligent Energy Optimization, Machine Learning, Grid resilience,
Battery storage, Energy demand forecasting.

1. INTRODUCTION storage. This smart system employs state-of-the-art
Machine Learning (ML) models, which predict energy
demand from forecasted weather. These models enable real-
time optimal energy resource allocation based on the
analysis of current data such as solar generation, battery

The fast proliferation of renewable energy technologies,
and especially PV systems, has created a compelling need
for energy efficiency management schemes especially in

residential setups. Solar PV panels complemented by status, and predicted demand. Refer Figure. 1 for the

Architecture of a smart home. The system promotes the
effective use of renewable energy and reduces dependency
on grid electricity through data-driven decision-making.

battery storage in smart homes will go a long way in
reducing reliance on conventional grid electricity, curtailing
energy bills, and fostering environmental sustainability. The
fluctuating nature of solar energy production in alignment
with changing weather patterns and ever-variant household The key functionality of the system is real-time energy

energy demands pose challenges to maximizing energy use. source selection, which is based on availability or demand
for either PV energy, battery backup, or grid power. Battery

management is also part of the consideration, which would
ensure that batteries are charged during surpluses from solar
generation and discharged during shortages. This strategy

This paper proposes an intelligent energy management
system (IEMS), which helps towards optimum energy
utilization in smart homes having PV panels and battery
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enhances the robustness of the smart home towards energy
supply fluctuations while sustainably using energy.

Fig 1: Smart Home Architecture Overview
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In the future, the system could be enhanced with further
advanced algorithms for energy forecasting that might even
change with varying household energy consumption
typologies and environmental conditions. Flexibility,
efficiency, and user control should also be enhanced
through integration with various smart home automation
setups and [oT devices.

The main aim of the project is to establish a reliable,
scalable, and intelligent energy optimization framework
which sustains self-sufficient delta homes. Refer to Figure.
2 for a depiction of solar-powered households built on the
Intelligent Energy Optimization Framework. The research
herein intends to tackle key challenges surrounding the
interface between renewable energy sources and energy
management of which carbon footprint reduction, energy
resilience enhancement, and sustainability of household
energy systems shall be guarded. This paper describes the
design, implementation, and performance of the system and
implications for its uses in the future and its impact on the
smart energy solution.

Fig 2: Solar-Powered Household Energy Flow
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II. RELATED WORK

The important role of renewable energy integration,
especially in photovoltaic (PV) systems, and the
employment of intelligent algorithms, have caused relevant
breakthroughs in the home energy management area. The
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section intends to discuss within this frame memorable
contributions to the field that pertain to the implications and
relevance of this study.

Hybrid and Multi-Stage Energy Management
Approaches

An area of research that has the potential to bring in some
improvements in the management of energy in homes is a
hybrid approach using imitation learning and online
optimization, thus maintaining a balance between accuracy
and computational efficiency. Likewise, a multi-stage home
energy management system (HEMS) focusing on efficient
scheduling and utilization of residential PV systems has
also been proposed. These two cases serve to indicate the
need for adaptive and scalable energy management
strategies, targeting residential setups.

Innovative Inverter Topologies and Controller Designs
With the onset of new inverter topologies, such as the
single-stage single-phase reconfigurable inverter for hybrid
AC/DC homes, great strides have been made to optimize
the energy conversion and utilization process. Also, the
possibility of using model predictive controllers (e.g.,
shrinking horizon model predictive controllers) for
scheduling daily in HEMS provides a means for accurate
energy allocation and demand response.

Demand Response Systems and Intelligent Interaction
Demand response strategy holds an eminent position for
peak load and supply-side matching. Fig.3 Illustrates peak
loads during a year. An intelligent energy management
system aims to improve demand response through
predictive and real-time decision-making for energy
optimization. The concept works in tandem with the
objectives of this project, which manoeuvres between
renewable energy utilization and household energy demand
adaptively.

Fig 3: Monthly Average Household Energy Usage
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Management using Machine Learning
The practical implementations of Machine learning in real-
time energy management of smart homes showcase the
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application of advanced machine learning techniques over
the control of energy systems characterized by dynamicity
and uncertainty. Such systems would favourably exploit
any energy generation or consumption pattern change,
optimizing energy fluxes and cost. A federated
reinforcement learning construct would further cement such
an idea by permitting decentralized energy management
across a set of smart homes under collaborative
optimization.

Forecasting and Optimization Technique

Proper solar forecast and demand load predictions are
intrinsic to energy management. In works such as "Smart
Solar Home System with Solar Forecasting," there is an
emphasis on integrating prediction algorithms with energy
management systems. Others, which cover the optimization
techniques in stand-alone solar home systems and HEMS
with battery storage, further accentuate the role of precise
control in improving reliability and efficiency of the
systems.

Residential Communities and Long-Term Planning

In turn, peak reductions and long-term load forecasting are
much better defined when applied to large residential
communities. Such strategies implemented with energy
storage and smart home technologies could uplift grid
stability and endorse sustainable energy behaviour. The
effect of such research implies that energy systems must be
modelled as being inclusive of individual household needs
but also community energy needs, in a holistic manner.

From the literature reviewed, all available works show that
advanced algorithms, predictive models, and optimization
techniques need to be worked into energy management
systems. This will set the basis upon which this project
intends to build to develop a smart energy management
framework for PV-based smart homes. The proposed
system addresses important issues in the movement toward
sustainable energy for residential buildings: solar
variability, demand prediction, and battery optimization,
through machine learning-based real-time decision-making.

III. SYSTEM OBJECTIVES AND FUNCTIONAL
GOALS

The Intelligent Energy Management System (IEMS) for
smart solar houses serves the purpose of improving energy
efficiency, reducing dependency on the grid, and enhancing
energy usage by employing advanced machine learning
models and real-time decision-making. The system is
designed around the following objectives/functions:

1. System Objectives:
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The objectives of the system are defined in terms of the
high-level goals and desired results in the areas to which
IEMS is supposed to target:

i. Optimize Energy Utilization:
Efficiently allocate energy between solar power, battery
storage, and grid energy to minimize wastage and
maximize the use of renewable energy.

ii. Reduce Grid Dependency:
Dynamic prioritization between solar energy and battery
storage decreases the dependency on grid energy,
especially during periods of peak consumption.

iii. Accurate Weather Forecasting:
Real-time weather data obtained through weather-
forecasting APIs from Indian weather and
meteorological departments are utilized to estimate
Solar energy production.

iv. Forecast Energy Demand.:
Estimates domestic energy consumption using past
usage patterns, external variables, and real-time data,
reaching a balance between demand and supply of
energy.

V. Real-Time Decision-Making:
Adaptive decision-making algorithms would optimize
the routing of energy with real-time weather condition,
energy demand and battery status.

vi. Improve System Adaptability:
Adaptability of prediction models and decision-making
processes is enhanced using Real time monitoring and
feedback loops, leading to better performance of the
system over time.

vil. Ensure Cost Efficiency:
Reduced links to grid energy will reduce costs on
energy and optimize use of solar generated and stored

energy.

2. Functional Goals

Technical tasks and operational requirements for achieving
the system objectives are Functional Goals.

i. Data Acquisition and Preprocessing:
Weather APIs and smart meters are utilized to collect
data and pre-processed to obtain high-quality inputs for
prediction of energy and decision-making of the system.
ii. Weather and Energy Demand Prediction:
Weather data obtained through forecast weather APIs
are utilized to predict solar irradiance and the relevant
environmental conditions, and Random Forest

1752



Int. J. Eng| . Res. & Sci. & Tech. 2025

RS20 International Journal of Engineering Research and Science & Technology

Regression (RFR) is used to forecast energy demand
applicability.

iii. Dynamic Energy Routing and Management:
Dynamic routing of energy between the solar panel,
battery storage, and grid in real-time is achieved
through Decision-making algorithms for system
stability and household needs.

iv. Battery Management and Load Balancing:
Smooth battery management includes the ability to
manage recharging and discharging with respect to load
balancing for all the appliances, thus preventing
overload on the system.

V. Model Evaluation and Optimization:
Constant evaluations of a system's performance will be
done using measures like Mean Absolute Error (MAE),
Root Mean Square Error (RMSE), and R-squared (R?),
with a view to improving the accuracy of the model.

Vi. Integration with Web Application:
Developed web application for the integration of
predictive models through APIs for monitoring
performance metrics, actual energy consumption, and
savings.

vii. User-Centric Reporting and Insights:

A Reporting Dashboard with the features of energy
consumption, battery  operation, solar  energy
contribution, and savings all in a user-friendly manner

for decision making.

Fig 4: Use Case Diagram for IEMS
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IV. PROPOSED SYSTEM

The Intelligent Energy Management System (IEMS) is
proposed here to ensure that the main energy used in
photovoltaic-powered smart homes is optimized properly
via weather forecasting and demand prediction. The system
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integrates real-time data in order to offer most efficient
energy distribution while achieving the least dependence on
the grid.

Fig 5: Workflow of Proposed System
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1. Data Acquisition and Preprocessing

The weather data comprises the temperature, humidity, and
solar irradiation, which are collected from public weather
APIs. Energy consumption data from smart home
appliances are collected from electricity grid providers.
Preprocessing works on a few aspects; first, missing data
handling and then normalization, giving a uniform range of
values for final use, need to be done, eventually running
time-series manipulation to make all data within a time
frame of that hour.

2. Climatic Data Analysis

The accurate forecasting of atmospheric conditions will
become a very significant parameter in calculating solar
energy system productivity. Weather parameters like solar
irradiance, temperature and cloud cover are sampled from
accurate and reliable weather forecast APIs provided by the
meteorological departments. The traceable solar irradiance
estimates are otherwise directly utilized to predict solar
energy availability over a designated time horizon, thereby
excluding complex in-house predictions of weather
forecasting models. Fortified by these estimates, we can
reliably predict solar energy availability in emergent mid
and far-future time windows.

3. Load Demand Estimation
Estimation of Load demand for energy is very crucial in
delivering an efficient energy management system. A
Random Forest Regression model has been adopted on
account of robustness and better accuracy. The demand
prediction process consists of:
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i. Data Aggregation:
Energy usage is aggregated on an hourly time period to
identify the usage patterns.

ii. Feature Engineering:
From the patterns of energy used in the past, scheduling
of appliances, and environmental factors, time-based
features such as day of the week or time of day are
extracted to characterize demand cycles to be fed in to
help model performance.

ili. Model Training and Optimization:
Supervised learning models like Random Forest
Regression and Support Vector Machine Regression
(SVR) are trained using historical data and evaluated.
The hyper-parameters of the models are fine-tuned to
maximize prediction accuracy.

iv. Evaluation and Validation:
The error metrics used for validation of the models
included MAE, MAPE, MSE, RMSE, and R-squared
(R?), thereby ensuring reliable demand forecasting.

Fig 6: Workflow of Demand Estimation Model
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4. Dynamic Decision Optimization

A Dynamic decision-making algorithm strategy that can
optimize energy routing based on real-time weather
forecasts, energy demand prediction and battery state:

i. Data Integration:
Integration of real-time weather forecasts, energy
demand forecasts and current levels of energy storage.

ii. Algorithm Logic:
Solar-First Rule-Based Logic is prioritized since
operational costs should be minimized, using this logic

ISSN 2319-5991 www.ijerst.com
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leads firstly to optimizing for solar energy followed by
using energy from battery storage and finally from the
grid.

iii. Load Balancing:
Distributes energy between appliances to avoid
overloading and keep them working perfectly up to
rated capacities.

iv. Battery Management:
Proper charging during the utilization of excess solar
energy, prevention from overcharging and deep
discharge through proper monitoring.

5. Model Evaluation and Validation

Metrics of this system include energy efficiency, grid
independence, and prediction accuracy. It is validated
against real-world scenarios to ensure robustness.

6. Model Deployment and Integration

The models are integrated into web applications hosted by
APIs for real-time monitoring of capabilities within an
energy management system and presentation of particular
key metrics and insights tracking solar energy generation,
battery status, cost-savings, and usage.

7. Monitoring and Feedback

A permanent monitoring module will track the system
performance and feedback for model retraining and
adjustments in the system, contributing towards making the
system adaptable to shifting energy and environmental
patterns.

Fig 7: Architecture Diagram for Smart Solar Homes
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V. RESULTS AND DISCUSSIONS

The proposed Intelligent Energy Management System
(IEMS) was assessed for its capability to optimize energy
use in photovoltaic-powered smart homes in different
weather conditions and dynamic energy demand patterns.
The obtained results indicate significant improvement in
energy efficiency, grid dependency reduction, and better
system adaptability. The performance of the system was
evaluated according to model accuracy, decision-making
efficiency, and economic viability.

Demand Prediction Performance

The energy demand prediction model was developed using
multiple regression techniques like Linear, Lasso, Ridge,
Elastic Net, Support Vector Regressor, Random Forest
Regressor, and XGB Regressor. The performance of the
models in electricity demand estimation was assessed using
metrics, such as Mean Absolute Error (MAE), Mean
Absolute Percentage Error (MAPE), Mean Squared Error
(MSE), Root Mean Squared Error (RMSE), and R-squared
(R?). The Random Forest Regressor has shown the lowest
error values-RMSE of 0.8230, and highest R? score of
0.1954, indicating a more robust predictor of energy
demand, whereas the Support Vector Regressor (SVR) was
found to be the next best model with an RMSE of 0.8929
and an R2 of 0.0530, as shown in Table 1 and Figure 8§, 9.

Table 1: Performance Metrics of Regression Models

Model RMSE R’

Linear Regression 0.8791 0.0821
Lasso Regression 0.8846 0.0705
Ridge Regression 0.8791 0.0821
ElasticNet Regression 0.8814 0.0773
Support Vector Regressor 0.8929 0.0530
Random Forest Regressor | 0.8231 0.1954
XGBoost Regressor 0.8376 0.1668

Fig 8: Comparison of RMSE across Models
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Fig 9: Comparison of R-squared values across Models
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Weather Forecasting Results

The system integrates a real-time weather forecast API
from the meteorological department to forecast key
environmental parameters namely solar irradiance,
temperature, humidity and cloud cover. The observed
accuracy of the forecasted weather data is said to give less
than 1.0% Root Mean Square Error rate in the
environmental parameters. The forecasted weather will
fasten the estimation of future solar energy generation; thus,
the integration of forecast information ensures reliability
and prompt updates for the accurate prediction of available
solar energy.

Energy Optimization

The system's decision-making algorithm ensured the
effective use of solar energy during peak production hours
and further optimized battery usage during periods of less
solar availability. This considered strategic use of battery
resulted in 35% less grid energy consumption when
compared to the conventional system. In addition, the
system helped reduce energy costs by 28%, thereby
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ensuring an efficient sustainable use of renewable
resources.

System Monitoring and Control

The web application deployed for monitoring the system in
real-time could give some detailed insights to users
concerning solar energy generation, battery status, energy
usage, and cost savings. The interface empowered and
enabled informed decision-making for the homeowners by
making visible the core metrics, such that the system could
always operate at optimal efficiency. The web-based
monitoring system was hyper real-time for backend
interaction as well as accuracy and reliability in energy
management.

Sustainability and Resilience

The integration of machine learning techniques with real-
time decision-making has tremendously increased the
resilience of the smart home to energy fluctuations and
reduced what needs to be spent on energy consumption.
The power supply is sustained through the battery energy
saved to last as long as 8 hours without outages when
simulated. It shows high promises for increased self-
reliance and reliability in energy.

Discussions

These results provide enough evidence for the feasibility
and effectiveness of imposing state-of-the-art machine
learning and optimization techniques in smart home energy
management systems. Predicted energy demand and
appropriately optimized usage of solar and battery
resources have contributed towards reducing reliance on the
grid and developing sustainable energy use. However, some
limitations were stated, such as relying on the validation of
the weather data API. Since actual household energy
patterns keep changing, retraining of models is forever
needed to ensure efficiency. Future enhancements are based
on better generalization of models, as well as making
provision for other sources of energy and new optimization
techniques to further increase flexibility in the system and
scalability.

V1. CONCLUSION AND FUTURE WORK

This "Machine Learning-based Adaptive Energy Re-routing
for Photovoltaic Smart Homes" project represents a
paradigm shift in energy management for the contemporary
smart home. The smart algorithm through which machine
learning is implemented-Random Forest Regression-for
energy demand predictions based on forecast weather data
from the meteorological department APIs in real-time thus
reducing dependence on the grid while increasing the use of
solar energy and battery storage forms the apt complement
for the set of skills that the project provides towards

ISSN 2319-5991 www.ijerst.com
Vol. 21, Issue 2, 2025

improving energy efficiency and cost-saving while
lessening the carbon footprint of the residential areas.

The project addresses various hurdles to energy
sustainability. It takes into account the ever-changing
energy requirements due to constant changes in the
environment. In implementing dynamic energy resource
management by the system, a wonderful collaborative
approach would be in evidence-meeting the demands of
resilience, being efficient and environmentally friendly. The
monitoring of solar generation, battery status, and energy
consumption through web applications allows for greater
user interaction, offering insights into system performance.
Thus, this effort provides an initial step to a sustainable
energy system, which may be further translated to become a
scalable and widely applicable feature in the field of
community-level energy management and grid integration.

Future Work

Further, in the effort to establish functionality, adaptability,

and scalability of the system, identified future areas for

further R&D work are as follows:

e Integration of Additional Renewable Energy
Sources: Incorporating other sources such as wind and
geothermal energy would offer more comprehensive
energy management options.

o Community-Based Energy Management: Scale for
energy distribution management between different
homes or communities, using decentralized models of
energy sharing.

e Enhanced Battery Management  Strategies:
Improvement in battery charging and discharging
algorithms for the extension of battery life and
maximization of energy storage efficiency.

o Integration with Smart Appliances: Direct Smart
appliances communication to intelligently optimize
energy use based on real-time demands.

e Real-Time Grid Interaction: Integrate mechanisms to
buy back from the grid the excess energy generated by
the solar panels to fit into a smart grid ecosystem.

o Advanced User Interface Design: An interactive user
interface, accessible with real-time energy insight and
customized energy-saving preferences.

e Incorporation of Reinforcement Learning: The
exploration of advanced machine learning algorithms
like reinforcement learning to be used for adaptive
energy management in dynamic conditions.

e Robust Cybersecurity: Strong cybersecurity protocols
for the protection of system data and to prevent
unauthorized access.
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Enhanced Data Analytics: Big data analytics for
refining predictive models and identifying long-term
energy tendencies.

Carbon Impact Metrics: Install a capability to
compute and show the real-time decline of carbon
emissions in quantifying environmental benefits.

On meeting the said requirements, the system will already
evolve into a very adaptive, secure, and scalable energy
resource management platform that will help promote
efficient and sustainable energy consumption in individual
houses and bigger communities.
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