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Abstract: Energy consumption prediction is a critical task in today's world, where sustainable energy
management and resource optimization are of paramount importance. This abstract presents a machine
learning-based approach for accurately predicting energy consumption. By leveraging historical data and
various predictive features, our model aims to provide accurate forecasts, enabling better energy resource
allocation and efficient energy management. In this study, we employ a diverse dataset comprising
information such as time of day, previous year energy consumption per day records (KW) and cost of
energy consumption per day (INR). We explore the use of several machine learning algorithms, including
linear regression, decision trees, random forests, and neural networks, to find the most suitable model for
energy consumption prediction. The implementation of such predictive models can lead to better energy
planning, cost savings, and reduced environmental impact. Through a data-driven approach, this project
enhances energy management strategies for residential, commercial, and industrial applications
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L. INTRODUCTION
Energy consumption prediction is a critical and challenging task in various sectors, including utilities, manufacturing,
transportation, and even residential households. Accurate predictions of energy consumption play a crucial role in
optimizing resource allocation, reducing costs, and promoting sustainability. Machine learning, a subset of artificial
intelligence, has emerged as a powerful tool for tackling this issue.
Machine learning techniques leverage historical data, various features, and algorithms to model and predict future
energy consumption patterns. These predictions can assist organizations and individuals in making informed decisions,
such as optimizing energy usage, implementing energy-efficient technologies, and managing energy resources more
effectively. This project aims to explore the application of machine learning in predicting energy consumption,
highlighting its importance and the methodologies employed.
This project utilizes advanced machine learning techniques to analyse past energy consumption trends and develop
predictive models that enhance energy efficiency, reduce costs, and contribute to sustainable energy usage. Energy
consumption prediction is crucial for sustainable energy management. Traditional forecasting methods often fail to
handle the complexities of modern energy systems. Machine learning offers a data-driven approach to improve
accuracy and reliability.

II. LITERATURE SURVEY
Accurate forecasting of building energy consumption is critical for effective energy management and sustainability.
Various methodologies, including statistical analyses, machine learning (ML), and deep learning (DL) techniques, have
been explored to improve prediction accuracy.
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A. Statistical Methods:

Traditional statistical models such as Linear Regression (LR) and Autoregressive Integrated Moving Average
(ARIMA) have been employed for energy consumption forecasting. However, these models often struggle with
capturing the nonlinear relationships and complex patterns inherent in energy data.

B. Machine Learning Techniques:

ML algorithms like Support Vector Machines (SVM), Random Forest (RF), and Artificial Neural Networks (ANN)
have demonstrated enhanced capabilities in handling large-scale energy datasets with multiple influencing variables.
For instance, a study highlighted that neural networks were adopted in 35% of analyzed papers, indicating their
popularity and effectiveness in energy consumption prediction.

C. Deep Learning Approaches:

Deep learning models, particularly Long Short-Term Memory (LSTM) networks and Convolution Neural Networks
(CNN), have gained prominence due to their ability to capture temporal dependencies and complex features in
sequential energy data. Hybrid models combining CNN and LSTM have shown superior accuracy in short-term load
forecasting by leveraging the strengths of both architectures.

D. Hybrid Models:

Combining multiple algorithms, hybrid models have emerged as a promising approach to enhance prediction accuracy.
For example, integrating ML techniques with optimization algorithms has led to more robust forecasting models that
outperform single-method approaches.

This project builds upon existing research by implementing an optimized machine learning framework tailored for
energy consumption forecasting. By integrating multiple features such as weather conditions, occupancy patterns, and
historical energy usage, the project aims to achieve high predictive performance and contribute to more efficient energy
management strategies.

I11. PROPOSED SYSTEM
The proposed system utilizes machine learning techniques to predict energy consumption based on historical data and
various external factors such as weather conditions, occupancy patterns, and operational schedules. The system follows
a structured pipeline, ensuring accurate and reliable predictions. The key components of the proposed system include:
A. Data Collection: Collect historical energy consumption data from sensors, smart meters, and databases.
B. Data Pre-processing: Perform data cleaning, normalization, and feature engineering to prepare the dataset for
model training.
C Model Selection and Training: Train machine learning models such as Random Forest, LSTM on the pre-processed
data.
D. Prediction and Evaluation: Use the trained model to predict future energy consumption and evaluate its
performance using metrics like RMSE and MAE.
E. Visualization and Reporting: Present the results through dashboards and reports for effective decision-making.
By integrating these components, the proposed system aims to enhance energy efficiency, optimize resource utilization,
and support sustainable energy management.
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IV. BLOCK DIAGRAM

A. Block Diagram for Hardware Setup

Power Supply LCD Display

Wi-Fi Cloud
Arduino ESP 826601 Thingspeak.com

Energy Meter Pulse

Fig. 4.1 Block Diagram for Hardware Setup
This is a block diagram representing a smart energy meter system that monitors power consumption and sends data to
the cloud using Arduino and ESP8266 Wi-Fi module. Here’s a breakdown of the system:
1. Power Supply: Provides the necessary voltage and current to power the Arduino and other components.
2. Energy Meter (Pulse Output): The energy meter generates pulses corresponding to the power consumption. These
pulses are sent to the Arduino for processing.
3. Arduino (Microcontroller Unit): Receives pulse signals from the energy meter. Processes the data and calculates
power consumption. Displays the information on an LCD Display. Sends data to the ESP8266 Wi-Fi module for cloud
communication.
4. LCD Display: Shows real-time power consumption and other relevant information.
5. ESP826601 Wi-Fi Module: Connects the Arduino to the internet. Sends the processed energy data to
ThingSpeak.com, a cloud-based IoT analytics platform.
6. Cloud (ThingSpeak.com): Stores and visualizes real-time power consumption data. Allows users to monitor their
electricity usage remotely. This system is useful for smart energy monitoring, helping users track their electricity
consumption in real-time and make informed decisions to optimize energy use.

B. Block Diagram for Software

Transmission Data Create Machine
Data Set Learning Model
Prediction
Result

Fig. 4.2 Block Diagram for Software
This block diagram represents a machine learning-based prediction system that processes transmitted data to generate
predictions. Here’s a breakdown of each step:
1. Transmission Data:
Raw data is collected from sensors, IoT devices, or any source (e.g., smart energy meter readings). This data is sent to a
processing system for further analysis.

Copyright to IJARSCT 62

www.ijarsct.co.in ISSN 3

[m] 353 =] DOI: 10.48175/IJARSCT-25108

| 2581-9429 |}
R\ UARSCT /7




({ IJARSCT

xx International Journal of Advanced Research in Science, Communication and Technology
IJARSCT International Open-Access, Double-Blind, Peer-Reviewed, Refereed, Multidisciplinary Online Journal gD €O
ISSN: 2581-9429 Volume 5, Issue 4, April 2025 Impact Factor: 7.67

2. Dataset Formation:
The transmitted data is stored and structured into a dataset. Data cleaning, pre-processing, and feature extraction are
performed. This step ensures the data is ready for machine learning.
3. Create Machine Learning Model:
The dataset is used to train a machine learning model. Algorithms such as Linear Regression, Decision Trees, Neural
Networks, or Random Forests may be used. The model learns patterns and relationships from historical data.
4. Prediction & Result Generation:
The trained model takes new input data and generates predictions. Results can be used for forecasting energy
consumption, anomaly detection, or optimization.

TABLE I: HARDWARE & SOFTWARE REQUIREMENTS

Sr. | Requirements

No. | Hardware Software

1 Arduino (Uno) Python

2 ESP8766 Wi-Fi Module Arduino IDE

3 Energy Meter (with pulse output) ESP826601 Wi-Fi Library (for Wi-Fi communication)

4 16x2 LCD Display (I2C or Parallel) ThingSpeak Library (for cloud integration)

5 Power Supply (5V for Arduino, 3.3V for | LiquidCrystal 12C Library (if using 12C LCD)
ESP826601)

V.IMPLEMENTATION STEPS
A. Implementation of Hardware:
1. Connect Energy Meter to Arduino
Most energy meters have an LED pulse output (e.g., 1000 pulses per kWh). Connect the pulse output to an Arduino
digital input pin.
2. Process the Pulse Data
Count the pulses using an interrupt. Convert pulses into kilowatt-hour (kWh) using the formula:
\text{Energy (kWh)} = \frac{\text{Pulses counted} } {\text{Meter constant (pulses/kWh)}}
3. Display Data on LCD
Show real-time energy consumption on the 16x2 LCD.
4. Send Data to ThingSpeak via ESP826601
Connect ESP826601 to Wi-Fi. Send energy readings to ThingSpeak at regular intervals.

B. Implement energy forecasting using your ThingSpeak data

1. Collect and Pre-process Data

ThingSpeak stores sensor data in channels. To retrieve and use this data for machine learning. Use the ThingSpeak API
to download historical energy consumption data. Save the data in CSV format for analysis.

2. Exploratory Data Analysis (EDA)

Load the dataset and check for missing values. Plot energy consumption trends.

3. Train a Machine Learning Model

Use a time series forecasting model by LSTM. Using Linear Regression for Basic Forecasting.

4. Deploy the Model & Send Predictions to ThingSpeak

To continuously send forecasts to ThingSpeak.

C. Implementing an LSTM Model for Energy Forecasting
e LSTM (Long Short-Term Memory) networks are excellent for time series forecasting, making them ideal for
predicting energy consumption trends.
e Install Required Libraries
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e Load and Pre-process ThingSpeak Data
e Build and Train the LSTM Model

e  Make Predictions

e Send Predictions to ThingSpeak

VI. CIRCUIT DIAGRAM
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Fig.6.1 Circuit diagram of Hardware Setup

The AC mains voltage is stepped down using a transformer. A bridge rectifier (W04G Bridge) converts AC to DC. The
LM7805 voltage regulator ensures a stable +5V DC output for the microcontroller and peripherals. A Power LED
indicates the system is powered. The ATmega328P is used as the main controller. It is clocked by a 16 MHz crystal
oscillator with two capacitors for stability. A reset circuit with a push button and pull-up resistor is included. The LCD
is connected to the ATmega328P for displaying real-time data. Data lines D0-D7 are used for communication. The RS
(Register Select), RW (Read/Write), and E (Enable) pins are properly wired. ESP8266 TX and RX lines are connected
to the microcontroller for data transmission.

This allows sending energy data to ThingSpeak (Cloud). Push buttons (PBO - PBS5) are interfaced with the
microcontroller for user interaction. Pull-down resistors ensure stable button operation. Energy meter data (pulse
signals) is processed by the ATmega328P. The processed energy consumption is displayed on the LCD. The same data
is transmitted to the ESP8266 for cloud-based monitoring via ThingSpeak. The power supply ensures the circuit
operates at SV DC.

VII. RESULT
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Fig 7.1 Comparison between actual and predicted power consumption
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The graph shows a comparison between actual and predicted power consumption values over a sequence of time steps.
The blue line represents the actual power consumption. The red line represents the predicted power consumption. The
red line follows the blue line closely for most parts of the graph. Peaks and valleys in actual power usage are captured
well by the predictions. This suggests that the model has learned the trend and pattern in the data effectively.

Performance during High Variability

In regions where power consumption changes rapidly (e.g., around time steps 40—70 and 230-260), the predicted values
still track the actual values closely.

Minor deviations are visible but remain within an acceptable range — this is expected in real-world predictive models
due to noise and system dynamics.

Zero-Load Periods

In flat regions (e.g., around time steps 90-140 and 180-220), both lines remain near zero, indicating the model
correctly understands when there is no or low consumption.

Justification Summary

The model exhibits high fidelity in capturing both the magnitude and timing of power consumption peaks and dips.
Slight differences may be due to model limitations, data noise, or unexpected fluctuations in real-world power usage.
Overall, the result is highly satisfactory, especially for applications like energy monitoring or demand forecasting.

VIII. CONCLUSION

This project successfully demonstrates a smart energy monitoring system using an Arduino microcontroller, which
interfaces with an energy meter to measure real-time power consumption. The system collects energy pulses, processes
the data via Arduino, and displays it on an LCD for immediate feedback.

To enable remote monitoring and data analysis, the system utilizes the ESP8266 Wi-Fi module to transmit the energy
consumption data to ThingSpeak, a cloud-based IoT analytics platform. This allows for real-time data visualization and
logging over the internet. With the collected historical data, a predictive model was developed and tested to forecast
future power usage. As seen from the results, the model accurately tracks usage trends, enabling proactive energy
management and optimization.
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