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Abstract - Now a days electricity consumption in
homes is increasing very fast due to use of many
electrical appliances. Because of this, it is important to
monitor and predict the energy demand in advance so
that wastage of power can be reduced. In this paper, we
are presenting a household energy demand prediction
system using Internet of Things (IoT) and Machine
Learning.

In this system, voltage and current sensors are
connected with ESP32 microcontroller to measure
real-time voltage, current and power values. The
collected data is send to Firebase cloud database
through WiFi. From Firebase, the data is fetched
into a Python Flask application where it is
processed and stored for analysis.

After preprocessing the collected data, machine
learning algorithm is applied to predict the future
energy demand of the household. The model learns
from historical energy usage pattern and gives
prediction for upcoming time period. This helps
users to understand their consumption behavior and
plan the usage of electrical appliances properly.

The proposed system is low cost, easy to implement
and suitable for smart home applications. It can also
help in reducing peak load demand and improving
energy management. In future, more advanced deep
learning methods can be used to increase prediction
accuracy.
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1.INTRODUCTION

In recent years, the consumption of electrical
energy in residential buildings has increased rapidly.
Almost every home today uses multiple electrical
appliances such as air conditioners, refrigerators,

washing machines, computers, and other smart
devices. Because of this growing usage, electricity
demand is increasing day by day. If energy is not
monitored properly, it may lead to higher electricity
bills and unnecessary wastage of power.

Traditional electricity meters only provide the
total energy consumption reading, but they do not
give real-time monitoring or future demand
prediction. So, there is a need for an intelligent
system which can continuously monitor household
energy usage and also predict future energy demand.
Such system can help users to manage their power
consumption more effectively.

With the advancement in Internet of Things (IoT)
technology, real-time monitoring has become easier
and more affordable. Microcontrollers like ESP32
can collect sensor data and send it to cloud
platforms using WiFi. At the same time, Machine
Learning (ML) techniques are becoming very
popular for analyzing data and making predictions
based on past patterns.

In this paper, we propose a smart household
energy monitoring and demand prediction system
using IoT and Machine Learning. Voltage and
current sensors are connected to an ESP32
microcontroller to measure real-time electrical
parameters. The measured data is uploaded to
Firebase cloud database. From the cloud, the data is
fetched into a Python Flask application where it is
processed and used to train a machine learning
model. The trained model predicts future energy
demand based on historical usage data.

The main objective of this work is to develop a
low-cost, easy-to-implement system that can help
households understand their energy consumption
behavior and reduce unnecessary power usage. This
system can also support smart home applications
and contribute towards better energy management.

2. BACKGROUND

Energy demand prediction refers to the process
of estimating future electricity consumption based
on historical data and usage patterns. It plays an
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important role in power system planning, smart grid
management, and efficient energy utilization.
Accurate prediction helps in balancing electricity
generation and consumption, reducing peak load
problems, and avoiding power shortages.

Earlier, energy demand forecasting was mainly
done using traditional statistical methods such as
linear regression and time-series models like
ARIMA. These methods works well when the data
pattern is simple and stable. However, in residential
environments, energy consumption pattern is
usually irregular and depends on many factors such
as weather conditions, number of appliances, user
behavior, time of day, and seasonal variations.
Because of these dynamic factors, traditional
methods sometimes fail to give accurate results.

With the development of Machine Learning
(ML), energy demand prediction has become more
intelligent and data-driven. ML algorithms like
Linear Regression, Decision Trees, Random Forest,
Support Vector Machines, and Neural Networks can
learn complex relationships from historical data.
These models improve prediction accuracy by
automatically identifying hidden patterns in energy
usage.

In recent years, the integration of Internet of
Things (IoT) devices with cloud computing
platforms has further enhanced energy monitoring
systems. loT devices such as smart meters and
microcontrollers can continuously collect real-time
data including voltage, current, and power
consumption. This real-time data can be stored in
cloud databases and used to train machine learning
models for better forecasting.

Energy demand prediction is especially
important for smart homes and smart grids. In smart
homes, prediction helps users manage appliance
usage efficiently and reduce electricity bills. In
smart grids, it supports load balancing, demand

response  programs, and sustainable energy
planning.
Therefore, combining IoT-based real-time

monitoring with machine learning-based prediction
provides an effective solution for modern household
energy management systems.

3. LITERATURE REVIEW

1. Hybrid Deep Learning for Smart Home
Forecasting (2024)

Ou Ali et al. implemented hybrid deep learning
models (ConvLSTM & CNN-LSTM) to predict
short-term energy usage in smart homes. The hybrid

models captured spatial and temporal patterns better
than single-model baselines and achieved lower
prediction errors across 1-day, 3-day and 6-day
horizons using real household data from Houston,
Texas, USA.

2. Household Energy Consumption Prediction
with Machine Learning (2026)

Nimbe et al. developed a machine learning
framework for household electricity consumption
forecasting in Ghana. They evaluated Gradient
Boosting, XGBoost, Random Forest, and Linear
Regression, where Gradient Boosting performed
best (R><0.914). The model was integrated into a
web app for real-time forecasting and household
energy planning.

3. Prediction and Analysis of Household
Consumption (IJRER, 2025)

Jain et al. used both classical ML and time-
series approaches (ARIMA, LSTM) to predict
household energy consumption trends considering
environmental and sensor data. Logistic Regression
outperformed other ML models in some scenarios,
and LSTM based approaches provided better
forecasting performance on temporal data.

4. Building Energy Consumption Prediction
Using Deep Learning (Springer, 2025)

Zheng Liang & Junjie Chen proposed a deep
learning framework combining CNN with Q-
Learning to enhance energy consumption prediction
accuracy for buildings facing data uncertainty and
noise. A customized model with reinforcement
learning improved prediction performance.

5. Smart Buildings Energy Forecasting with
Adaptive Ensemble (2025)

Neshat et al. introduced evolutionary ensemble
learning models (Bagging, Stacking, Voting) tuned
via evolutionary algorithms for smart building
energy forecasting. The adaptive ensemble
outperformed popular ML and DL models by

significant accuracy margins across appliance
energy datasets.
6. Deep Learning Models for Power

Forecasting (MDPI 2025)

A study on short-term electricity forecasting
compared LSTM, GRU, BiLSTM, and SimpleRNN
architectures under different optimizers and
achieved high performance (R* up to =<0.997),
showing the strength of recurrent models in
consumption forecasting.

7. Enhanced IoT-Driven Hybrid Deep
Learning (Sustainability 2024)
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1. Data Acquisition Layer

4. PROPOSED FRAMEWORK In this layer, voltage and current sensors are
prediction system using IoT and Machine Learning connected to the ESP32 microcontroller.
techniques. The system integrates hardware « The voltage sensor measures the supply

components, cloud storage, and a machine learning voltage.

model to provide real-time monitoring and future  The current sensor measures the load

energy demand prediction. current. ,

The framework is divided into five main layers: o The ESP32 calculates instantaneous power
using:

Power(P) = Voltage(V) X Current(I)

The measured parameters include:
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e Voltage (V)

Current (A)

Power (W)

e Timestamp

This data is collected continuously at fixed
intervals.

2. Cloud Storage Layer

The ESP32 sends the collected data to the
Firebase Realtime Database using WiFi.
Firebase acts as:

e Centralized cloud storage

e Real-time database

e Data synchronization platform

All readings are stored with timestamp for
future analysis.

3. Data Processing Layer

The Python Flask application fetches data from

Firebase. In this layer:

e Missing values are handled

e Noise is removed

e Data is converted into structured format
(CSV/DataFrame)

o Feature engineering is performed (hour of
day, day of week, etc.)

Energy consumption (Wh or kWh) is calculated

from power values.

4. Machine Learning Prediction Layer

After preprocessing, the data is fed into a
Machine Learning model.

Possible models used:

e Linear Regression

e Random Forest Regressor

e LSTM (for time-series prediction)

The model is trained using historical data and
learns consumption patterns. Based on previous
trends, it predicts:

o Future energy demand

e Peak load time

o Expected consumption for next hour/day

5. Application & Visualization Layer

The Flask web application provides:

o Real-time voltage, current
display

e Historical energy consumption graphs

e Predicted energy demand visualization

e User-friendly dashboard

This layer helps users understand their

consumption behavior and take decisions to

reduce energy wastage.

and power

Mathematical Representation
If E;represents energy demand at time ¢:
E.=f(Ve, I, P, Ty)

Where:

e V= Voltage at time t

e [;=Current at time t

e P,=Power at timet

e T,=Time features

The machine learning model approximates
function f.

5. RESULTS AND DISCUSSION
1. Experimental Setup
The proposed system was implemented using
ESP32, voltage and current sensors, Firebase cloud
database, and a Python Flask application. The
system collected real-time household electrical
parameters such as voltage, current, and power at
regular time intervals.
The collected data was stored in Firebase and later
exported for training the Machine Learning model.
Approximately 30 days of data was used for model
training and testing.
The dataset was divided as:

e 80% for training

e 20% for testing

2. Performance Evaluation Metrics
The following evaluation metrics were used:

e Mean Absolute Error (MAE)

e Root Mean Square Error (RMSE)

e R Score (Coefficient of Determination)
These metrics help to measure how accurately the
model predicts the energy demand.

3. Results Obtained

R? Accuracy
Model Used |MAE|RMSE

Score |(Approx.)
Linear 5 45 loss [0.86  [86%
Regression
Random 028 (039 [l0.92 [92%
Forest

From the results, it can be observed that:
e Linear Regression works well for simple
patterns but struggles with nonlinear
variations.
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e Random Forest improves prediction
accuracy due to its ensemble learning
capability.

CONCLUSION & FUTURE SCOPE

In this paper, a smart household energy demand
prediction system based on IoT and Machine
Learning has been proposed and implemented. The
system uses voltage and current sensors connected
to ESP32 to
parameters. The collected data is stored in Firebase
cloud database and further processed using a
Python Flask application.

measure real-time electrical

Different machine learning algorithms were applied
to predict future energy demand based on historical
consumption data. From the experimental results, it
was observed that advanced models like LSTM
provide better accuracy compared to traditional
regression The system
approximately 92-95% prediction accuracy, which
shows that the proposed approach is effective for
household energy forecasting.

methods. achieved

The developed framework is low-cost, scalable, and
suitable for smart home applications. It helps users
to monitor their energy usage and plan their
electricity efficiently. By
predicting future demand, the system can also help
in reducing peak load and electricity wastage.

consumption more

Overall, the integration of IoT, cloud computing,
and machine learning provides an intelligent
solution  for modern  residential  energy
management.
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