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ABSTRACT: In recent years, the rise in
carbon dioxide (CO2) emissions from
vehicles has become a critical concern for
environmental sustainability and public
health. Direct measurement of emissions
from every vehicle is costly and
impractical; however, modern vehicles are
equipped with On-Board Diagnostics
(OBD-II) systems that provide real-time
telematics data. This project utilizes such
data—including engine RPM, vehicle
speed, throttle position, and fuel flow—to
estimate CO2 emissions using a Long
Short-Term Memory (LSTM) neural
network. LSTM models are well-suited for
time-series analysis, enabling the system to
capture temporal patterns in vehicle
behavior. The proposed model is trained on
sensor data to predict CO2 emissions with
high accuracy over time. The results
demonstrate that LSTM-based prediction
can effectively estimate emissions without
the need for expensive physical
measurement systems. This approach
provides a scalable, cost-effective, and real-
time solution for emission monitoring,
supporting smart transportation systems,
pollution control strategies, and
environmentally sustainable policies.
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1. INTRODUCTION

Climate change is one of the most serious
global threats today, driven largely by
greenhouse gases such as carbon dioxide
(CO2), methane (CHa4), and nitrous oxide
(N20). Since the Industrial Revolution, the
average global temperature has increased
by approximately 1°C, leading to more
extreme weather and  environment
disruptions. In India, about 23.6% of total
CO: emissions come from the transport
sector. Of this, a significant 65.4% 1is
attributed to road transport, including cars,
trucks, and other vehicles on highways and
city roads. Monitoring emissions from all
these vehicles is a major challenge.
Installing CO: sensors in every vehicle is
expensive and impractical. Therefore, there
is a strong need for a scalable, real-time
solution that can monitor vehicle emissions
effectively without adding extra hardware.

To overcome the limitations of physical
sensors, our approach uses data already
available in most vehicles through the
OBD-II (On-Board Diagnostics) port. This
data can be sent to the cloud using loT
dongles, where it is analyzed to predict CO-
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emissions. We propose using an LSTM
(Long Short-Term Memory) deep learning
model, which is especially suited for time-
series data like vehicle sensor readings. It
learns from past patterns and relationships
over time, making it more effective than
traditional machine learning models that
treat each data point independently.

The model uses key vehicle parameters
such as RPM, speed, engine load, throttle
position, fuel flow, and manifold pressure
to estimate emissions. LSTM is robust in
handling noisy, real-world data and
captures the sequential nature of driving
behavior. This approach enables real-time
CO: monitoring without the need for new
sensors. It’s cost effective, scalable, and can
be applied to thousands of vehicles with
minimal infrastructure.

1.1 Motivation

The rapid growth in the number of vehicles

has resulted in a significant rise in CO:
emissions, posing serious threats to the
environment and contributing to global
climate change. Monitoring and reducing
vehicular emissions have therefore become
essential steps toward achieving sustainable
transportation. There is a growing need for
intelligent systems that can analyze vehicle
data in real time, raise environmental
awareness, and encourage drivers to adopt
eco-friendly driving habits. By leveraging
telematics data and deep learning
techniques, such systems can help users
understand their vehicle’s emission patterns
and actively contribute to reducing their
carbon footprint, thereby supporting global
sustainability goals.

Proposed System:
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The proposed system is designed to make
vehicle CO: emission monitoring smarter
and more effective while increasing
environmental awareness among drivers. It
collects real-time data from the vehicle’s
OBD-II port, which includes important
details like engine speed, throttle position,
fuel flow, and engine load. By using this
data, the system can better understand how
a vehicle performs and how much CO: it
produces while running.

This information is processed using a deep
learning model that studies time-based data
to predict CO: emission levels accurately.
The system keeps track of emission trends
and detects any changes that may affect a
vehicle’s  performance or increase
emissions. Through this continuous
monitoring and analysis, it provides
meaningful insights that help drivers and
vehicle owners better understand their
vehicle’s impact on the environment.

The system also encourages users to adopt
eco-friendly driving habits by showing how
their driving style affects emission levels.
By driving more smoothly and maintaining
their vehicles properly, users can help
reduce CO- emissions and

2. Use Case Diagram

A use case diagram is one of the simplest
and most effective ways to represent how a
user interacts with a system. It visually
illustrates the functional requirements of a
system by showing the different actors and
the various use cases through which they
interact with the system. Use case diagrams
are typically created alongside textual use
case  descriptions and are often
complemented by other UML diagrams.
They help stakeholders understand the
system’s functionality at a high level,
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making it easier to identify user needs,
clarify requirements, and design the overall
system flow.
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Fig.:1 use case diagram
Sequence Diagram
Sequence Diagram

A sequence diagram in Unified Modelling
Language (UML) is a type of interaction
diagram that shows how processes operate
with one another and in what order. It is a
construct of a Message Sequence Chart. A
sequence diagram shows object interactions
arranged in time sequence. It depicts the
objects and classes involved in the scenario
and the sequence of messages exchanged
between the objects required to carry out
the functionality of the scenario. Sequence
diagrams are typically associated with use
case realizations in the Logical View of the
system under development.
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Fig.2: Sequence Diagram
3. Algorithms
Long Short-Term Memory (LSTM)

LSTM is a type of Recurrent Neural
Network (RNN) designed to process
sequential and time-series data. It uses
memory cells and gating mechanisms to
store and update information over time,
allowing it to learn long-term dependencies
in data.In this system, vehicle parameters
such as RPM, speed, throttle position, and
engine load change continuously over time.
LST™M captures these temporal
relationships and learns patterns in vehicle
behavior. This helps in accurately
predicting CO: emissions based on past and
current data, making the system reliable for
time-based prediction.

Min-Max Normalization

Min-Max Normalization is a preprocessing

technique that scales input data into a fixed
range, usually between 0 and 1. It ensures
that all features have equal importance
during model training. Vehicle parameters
have different ranges (e.g., RPM is high,
throttle is low). Normalization brings all
values to a common scale, improving model
training speed and accuracy. It prevents
large values from dominating the learning
process.
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4Sliding Window Technique

The sliding window technique is used to
convert continuous time-series data into
smaller sequences of fixed size. These
sequences are then used as input to the
model. Instead of using single data points,
the system uses a group of consecutive
values to understand short-term trends. This
helps the LSTM model learn patterns more
effectively and improves prediction
accuracy.

Correlation Analysis

Correlation Analysis 1is a statistical
technique used to measure the relationship
between two or more variables. It
determines how strongly variables are
related and whether the relationship is
positive, negative, or neutral. The
correlation value typically ranges from -1 to
+1, where +1 indicates a strong positive
relationship, -1 indicates a strong negative
relationship, and O indicates no
relationship. In this system, correlation
analysis is used to understand the
relationship between vehicle parameters
such as RPM, speed, throttle position, and
engine load. It helps identify which features
have the most significant impact on CO-
emissions. By analyzing these relationships
using a heatmap, the system provides better
insights into how different parameters
influence emission levels, improving model
interpretation and analysis. Principal
Component Analysis (PCA)

Principal Component Analysis (PCA) is a
dimensionality reduction technique used to
transform a large set of variables into a
smaller set of uncorrelated variables called
principal ~ components. It  reduces
redundancy in data while retaining the most
important information. In this project, PCA
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can be used to reduce the number of input
features  while  preserving
information. This helps in improving
computational efficiency and reducing
model complexity. By removing redundant
or highly correlated features, PCA can
enhance the performance of the LSTM

essential

model and make the system faster and more
efficient.

Sample data

The sample data used in this project
consists of vehicle telematics data collected
from On-Board Diagnostics (OBD-II)
systems. This data is used to train and test
the deep learning model for predicting
carbon dioxide (CO:) emissions based on
vehicle operating conditions. The dataset is
stored in structured formats such as CSV
files, containing time-series sensor readings
recorded at regular intervals. The data
represents real-world driving conditions
and includes parameters such as engine
RPM, vehicle speed, throttle position, fuel
consumption, and engine load. These
features capture the dynamic behavior of
the wvehicle under different operating
scenarios, including acceleration, cruising,
and idling conditions. Each record in the
dataset corresponds to a specific timestamp,
representing the state of the vehicle at that
moment. The dataset is preprocessed and
organized into input sequences using a
sliding window approach, which enables
the LSTM model to learn temporal patterns
in the data. The corresponding output is the
predicted CO: emission value for each
sequence. The dataset is divided into
training and testing sets. The training data
is used to train the LSTM model, while the
testing data is used to evaluate its
performance. A sample input consists of a
sequence of sensor readings, and the output
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is the predicted CO: emission value. The
sample data plays a crucial role in
determining the accuracy and reliability of
the emission prediction.

4. IMPLEMENTATION & RESULTS

This  chapter  explains  the
implementation and results of the CO:
Emission Prediction System, highlighting
its modular functions and output screens.
The system integrates data preprocessing,
time-series modeling using LSTM, real-
time data simulation, prediction, and
visualization into a unified pipeline. The
implementation is carried out using Python
with Tkinter for GUI, TensorFlow/Keras
for deep learning, and Matplotlib/Seaborn
for visualization. The output screens
include the main interface, real-time
monitoring dashboard, prediction graphs,
and statistical analysis window. The results
demonstrate accurate CO: emission
prediction, stable outputs, and effective
visualization, confirming the system’s
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ability to provide real-time emission
monitoring.

4.1 Explanation of Key Functions
Data Loading Function

The system loads vehicle telematics data
from CSv files.
The dataset contains parameters such as
RPM, speed, throttle position, and engine
load. The data is read using Pandas and
prepared for further processing.

Data Preprocessing Function

The input data is preprocessed before
training.
This includes:

e Normalization using Min-Max
scaling

e Conversion into time-series
sequences using a sliding window
This step helps the LSTM model
learn  temporal  dependencies

effectively.
Model Training Function

The system uses a Long Short-Term
Memory (LSTM) neural network.

e Input: Time-series sequences

e Output: CO: emission values
The model is trained using multiple
epochs and optimized using mean
squared error loss.

Prediction Function

The trained model is used to predict CO:
emissions.

Input sequences are passed to the model,
and predicted values are converted back to
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original scale. The results are displayed
graphically and in textual format.

Real-Time Simulation Function

The system supports real-time data
simulation.

Vehicle parameters such as RPM, speed,
throttle, and load are generated dynamically
or received via Bluetooth. The GUI updates
continuously with live values.

Visualization Function
The system visualizes results using graphs.
e Live RPM graph

e CO: prediction graph
These  visualizations help in
understanding trends and patterns.

Statistical Analysis Function

The system performs statistical analysis of
predictions.
It generates:

e Correlation heatmap

e Boxplot for CO: distribution
This helps in analyzing
relationships between features and
emissions.

User Interface Function

The system includes a GUI developed using
Tkinter.
Users can:

Upload dataset

Start/stop simulation

View predictions

Perform analysis

Method of Implementation

www.ijesat.com

The CO: Emission Prediction
System is implemented using a modular
approach combining a graphical user
interface, data processing, and a deep
learning model. The system is developed
using Python, where Tkinter is used for the
GUI, Pandas and NumPy for data handling,
Scikit-learn for preprocessing,
TensorFlow/Keras for building the LSTM
model, and Matplotlib/Seaborn  for
visualization.

Initially, the user uploads a dataset
or connects to a Bluetooth device. The data
is preprocessed using normalization and
converted into time-series sequences using
a sliding window technique. The LSTM
model is then trained on the processed data
to learn temporal patterns. During
execution, the system supports real-time
data simulation or playback of recorded
data. The trained model predicts CO:
emissions, and the results are displayed
through graphs and output panels.
Additionally, statistical
performed to evaluate relationships
between features and predictions.

analysis  is

Forms

The system consists of a graphical
user interface (GUI) developed using
Tkinter, which serves as the main form for
user interaction. The form provides all
functionalities within a single window,
making the system simple and user-
friendly.

The form includes various components
such as:

o Buttons for uploading CSV files and
connecting to a Bluetooth device

e Control buttons such as Start, Stop,
and Reset
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e Prediction button to display CO:
emissions

o Statistical Analysis button to view
advanced results

The interface also displays real-time
vehicle parameters such as timestamp,
RPM, speed, throttle position, and engine
load. Graphical components like the live
RPM chart and CO: prediction graph are
embedded within the form to provide visual Live RPM Graph
insights.

Fig Live RPM Graph
The form acts as the central control

panel of the system, enabling efficient

interaction between the user and the The Live RPM Graph displays the
application. real-time variation of engine RPM values
during system execution. It continuously
updates as new data is processed, allowing
users to monitor engine performance
dynamically. This visualization helps in
understanding how RPM changes over time
under different operating conditions.

Fig 4.1 Main User Interface Form of CO:
Emission Prediction System

Output Screens

The system generates multiple
output screens to visualize real-time data,
prediction results, and statistical analysis.
These outputs help in understanding the CO: Emission Prediction Graph
behavior of the model and evaluating the
performance of the CO: emission

prediction system. This graph illustrates the predicted CO:
emission values generated by the LSTM
model over time. It shows the trend and
variation of emissions based on input
features such as RPM, speed, throttle
position, and engine load. The graph

: CO: Emission Prediction Graph
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provides a clear visual representation of
how emissions fluctuate during vehicle
operation.

Predicted Windows:

Window 1:
Window 2:
Window 3:
Window
Window
Window
Window T:
Window 8:
Window 9:
Window

Predicted CO: Output Values
Predicted CO: Output Values

The output panel displays the
predicted CO: emission values in textual
format for each time window. Each entry
represents the
corresponding to a specific sequence of
input data. This detailed numerical output
helps in analyzing the exact prediction
values generated by the model.

emission value

Correlation Matrix of Vehicle Features Lo

Correlation Heatmap
Correlation Heatmap

The correlation heatmap represents
the relationship between different vehicle
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parameters such as RPM, speed, throttle
position, and engine load. It uses color
intensity to indicate the strength of
correlation  between  variables.  This
visualization helps in identifying which
features have a stronger influence on CO:
emissions.

Predicted CO: Distribution
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CO: Emission Boxplot
CO: Emission Boxplot

The boxplot shows the statistical
distribution of predicted CO: emission
values. It highlights important metrics such
as median, quartiles, and outliers. This
helps in understanding the variability and
consistency of the predictions made by the
model.

Result Analysis

The results obtained from the
system demonstrate the effectiveness of the
LSTM model in predicting CO- emissions
using vehicle telematics data. The predicted
emission values follow logical patterns
based on input features such as RPM,
speed, throttle position, and engine load.
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The CO: prediction graph shows
smooth variations over time, indicating that
the model successfully captures temporal
dependencies in the data. The live RPM
graph reflects real-time engine behavior,
which directly influences emission levels.

The correlation heatmap reveals
strong relationships between parameters
such as RPM and speed, indicating their
significant impact on CO: emissions. The
boxplot analysis shows that the predicted
values are consistently distributed with
minimal outliers, indicating stable model
performance.

Overall, the system provides
accurate and reliable predictions with
efficient real-time processing. The results
confirm that the proposed approach is
effective for monitoring and analyzing
vehicle emissions.

5. CONCLUSION
The present work successfully
demonstrates the design and

implementation of an enhanced vehicle
CO: emission prediction system using Long
Short-Term Memory (LSTM) networks and
OBD-II telematics data. The system
provides an efficient, cost-effective, and
real-time solution for estimating vehicle
emissions without the need for expensive
physical measurement equipment. By
utilizing readily available sensor data such
as engine RPM, vehicle speed, throttle
position, and engine load, the system
effectively models the relationship between
driving behavior and CO: emissions.

The proposed system integrates
multiple components, including data
preprocessing,  time-series ~ sequence
generation, LSTM-based prediction, real-
time simulation, and graphical
visualization, into a unified framework. The
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use of LSTM enables the model to capture
temporal dependencies in sequential data,
resulting in accurate and stable emission
predictions. The implementation of
normalization and  sliding
techniques further improves the learning
capability of the model and ensures

window

consistency in predictions.

The graphical user interface
developed using Tkinter enhances usability
by providing real-time data display, live
RPM monitoring, emission prediction
graphs, and statistical analysis tools such as
correlation heatmaps and boxplots. The
system supports both real-time simulation
and dataset playback, making it flexible for
different use cases. The statistical analysis
module provides deeper insights into the
relationships between input parameters and
predicted emissions, aiding in better
understanding of vehicle behavior.

Overall, the system achieves its
objective of delivering a scalable, reliable,
and real-time CO: emission prediction
solution. It demonstrates that combining
deep learning techniques with vehicle
telematics data can significantly contribute
to environmental monitoring and smart
transportation  systems. This  project
highlights the potential of data-driven
approaches in supporting pollution control
strategies and promoting sustainable and
eco-friendly transportation practices.
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