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Abstract: The Exhaust Emission Index (EEI) tells you how
many air pollutants a vehicle releases and a higher number
indicates that air quality is worse. The traditional PUC story
is that it only tests your car’s emissions at a single point, unlike
the way dynamic health checks consider the car’s overall
status. As the number of vehicles on the road grows, it is more
important than ever to have advanced systems to watch and
predict emissions in real-time. This project introduces an
innovative system called Emission Tracker that uses deep
learning techniques called LSTM networks to fill this gap. An
LSTM model on a central server is used by the Emission
Tracker to monitor vehicle carbon emissions and estimate
future trends for the Vehicle Exhaust Emission Index (VEEI).
The system includes a web portal with an easy-to-understand
design for looking at emissions data. With insights based on
location, users can better understand how much carbon is
being emitted which helps them decide how to act. You can
check how emissions are changing today, as well as estimate
their future trends using the Emission Tracker. Taking action
ahead of problems means interventions can be put in place on
time, helping the environment and the health of everyone.
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Tracking, IoT-based Environmental Monitoring, Carbon
Footprint Estimation, Real-time Emission Analytics,
Sustainable Technology Solutions, Artificial Intelligence in

Climate Action, Data-Driven Environmental Management,
Mobile Application for Emission Tracking, Smart
Environmental Monitoring System, Cloud-based Emission
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INTRODUCTION

Carbon dioxide is released into the air every time the air-fuel
mixture in internal combustion engines catches fire. Since all
three types of vehicle-gasoline, diesel and hybrid- burn fuels
with different hydrocarbon structures, vehicle exhaust
emissions result. Fuel evaporation from inside the vehicle
when it’s resting or being filled adds to exhaust emissions.
The composition of gases in vehicle exhaust is based on the
operating characteristics of each car and the fuel it uses.
Carbon dioxide, nitrogen, water vapor and oxygen in unspent
air make up the majority of what comes out of a vehicle’s
exhaust. In addition to standard emissions, vehicle exhaust
includes carbon monoxide, unburned fuel, nitrogen oxides
and tiny amounts of mercury. Several of these compounds are
important causes of air pollution from vehicles and carbon
dioxide which is a greenhouse gas, contributes to climate
change.
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PROBLEM IDENTIFIED
Emissions from vehicles cause major problems such as air
pollution, harm to health and harm to the environment. Due to
its emissions of carbon monoxide, nitrogen oxides and
particulate matter such transport leads to respiratory issues,
heart diseases and climate change. Also, crowded cities
worsen these concerns which means authorities must impose
tough rules and switch to cleaner systems to lessen their
damage. These problems can be addressed by having
emission-tracking systems, making regulations stricter,
educating the public and encouraging more sustainable ways
to travel. Forecasting vehicle emissions using traditional and
existing algorithms is not easy. First of all, standard
approaches usually have simple models that do not fully
consider all the relationships present in emission data. Because
of this, predictions might not be correct and the results would
not be reliable. It is challenging for linear regression and rule-
based approaches to fully describe the way emission factors
are related which reduces their accuracy. Because of the big
amounts of data and the presence of nonlinear details in
emission samples, algorithms such as decision trees and
support vector machines may struggle. In addition, traditional
models might not be able to keep up with shifting emission
rates and environmental circumstances which often leads to
lower performance in practice. All in all, since traditional
methods have limits, using machine learning can help improve
the accuracy of how emissions are expected to change. With
the use of advanced tools such as deep learning and data
visualization, the system lets people make decisions, act
quickly and team up to cut down pollution and enhance air
quality.

PROPOSED SYSTEM
To get more accurate and lower error forecasts than the listed
models, this project uses an HSBUFC hybrid model that
begins with stacking bi-directional LSTMs, then adds uni-
directional LSTMs and finally ends with fully connected
dense layers.

LSTMs are discussed using examples of uni-directional and
bidirectional types. To find patterns in energy consumption,

bi-directional LSTMs process inputs from both the present
and the recent past.
• UNI-Directional LSTMS(OR LSTMS)
Process, analyze and forecast data that is in a sequence. It uses
data from the current instant and the results of the previous
instant to make its prediction. In addition to using previous
outputs for input, LSTMs also use their memory cells over a
series of predictions to help with long-term tasks such as
energy forecasting. Besides, thanks to gates and new recurrent
parts, LSTMs are capable of handling information and
defeating the difficulty of vanishing gradients.
BI-Directional LSTMS
Bi-directional LSTM is improved upon uni-directional LSTM
systems. The inputs are processed two times in LSTMs: the
forward pass is done from early to late data and the backward
pass is done from late to early data. By combining the hidden
results from the forward and backward passes, the model can
save information received from past and future data in separate
hidden layers. After hiding, the output from these layers is
sent to the only matching output layer. As a result, this
technique allows the bidirectional LSTMs to remember the
context and regularities from both old and new information
much better, without any delays. It is known that bi-directional
LSTMs provide better results than uni-directional LSTMs in
areas such as speech recognition.

• Proposed Model Architecture

The architecture of the proposed HSBUFC model is clarified
in Figure 5. The model has three types of layers: 1) a Bi-
directional LSTM layer, 2) Stacked Uni-directional LSTM
layers and 3) fully connected layers/dense layers. As we talked
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about before, bi-directional LSTMs collaborate by using both
forward and backward dependencies. The first layer of the bi-
directional LSTM takes charge of extracting the temporal
long-term dependences from the consumption values.
Following this, LSTM layers which are good at understanding
forward dependencies, are put in the top layers to take in
outputs from the lower layer that has learned from the main
features.

EXISTING SYSTEM

The approach to Vehicle Exhaust Emission Index (VEEI)
currently depends on stationary tests during Pollution Under
Control (PUC) checks. Doing these tests, Scientists study how
much carbon monoxide (CO), hydrocarbons (HC), nitrogen
oxides (NOx) and particles (PM) are emitted from vehicles
under standard test procedures.
• Emission Testing Centers
Owners of vehicles are required by authorities to visit an
authorized emission testing center regularly for Pollution
Under Control certification. In these testing centers, there are
gas analyzers and smoke meters meant to record the amount
of pollutants that vehicles give off. The testing sites are
overseen and controlled by government organs responsible
for environmental and air quality law.

 Static Tests
While vehicles are tested for emissions, their engines are run
under set situations, including using a set revving speed.
During the time the engine runs, emissions from the vehicle
are measured with gas analyzers and smoke meters. All the
tests are carried out the same way to make sure the results are
always reliable.

 Pass/Fall Criteria
Emission levels found in the static tests are checked by
comparing them to the predetermined levels specified by
lawmakers. The standards commonly outline what levels of
problem substances such as carbon monoxide (CO),
hydrocarbons (HC), nitrogen oxides (NOx) and particulate
matter (PM) in vehicle emissions are acceptable. A PUC
certificate is issued to cars that either match or do not exceed
the required emission levels. If a vehicle puts out more

emissions than the standards allow, it will fail the test and
need repairs to pass.

MODULES

1. Emission Tracker Web App
The Emission Tracker Web App serves as the user interface
for the entire system.It allows users to access emission data,
predictions, and alerts in a user-friendly manner. The web app
provides visualizations of emission trends, historical data, and
predictive analytics .Users can interact with the app to view
emission levels by location, vehicle type, or time period.

EEINet Model: Build and Train

 Import Dataset: During this step, we bring in the dataset with
vehicle emissions using DB, a major attribute being air quality
parameters such as the particles PM2.5, PM10, ozone (O3),
nitrogen dioxide (NO2), sulfur dioxide (SO2), carbon
monoxide (CO) and other related pollutants.

 Preprocessing: Before analyzing data, missing values are
dealt with, inaccurately entered data is corrected, unnecessary
data is removed and missing data is filled in with suitable
methods.

 Feature Extraction: The correlation matrix is examined to
select highly related features which makes it possible to reduce
the number of features and interpret model behavior better.

EEI Predictor

Car Exhaust Gas Value: Using real-time data, it monitors
car exhaust gases, checking for levels of CO, NOx and HC
among them.

EEI Prediction: To estimate the VEEI, the trained EEINet
canalizes the exhaust gas measurements and other important
details.

Location-Based Prediction: Provides location-based
predictions, allowing users to understand emission levels and
trends in specific geographical areas.
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1. Alert System
Stakeholders are informed by the alert system whenever there
are critical problems with emissions or important standards
are exceeded. Alerts are issued when emissions pass set limits
or alternating patterns are found in the emissions. Notifications
can arrive by SMS, by email or push notifications through the
Web App.

2. System User
 System Admin: Managing all aspects of Emission Tracker is

the main responsibility of the System Admin. Among other
things, they handle system setup, data processing, the
development of models and dealing with different
stakeholders.

 RTO Admin: The RTO Admin takes care of jobs involving
vehicles in the Emission Tracker, managing vehicle
registration, compliance checks and the setup of devices.

CPCB: The platform gives CPCB users special access to tools
for certification of emissions, meeting regulations and
examining collected data.

Vehicle Owner: Individuals who own a vehicle use the
Emission Tracker system to see their vehicle’s emissions,
learn about its compliance with rules and get information on
required regulations.
SYSTEM ARCHUTECTURE
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RESULT

In this study, a monitoring system was made and assessed that
predicts vehicle exhaust emissions based on data from sensors
and machine learning. The objective was mainly to predict
emissions accurately and locate cars that violated the
regulations instantly, so that action could be taken in time to
protect the environment and the public.

CONCLUSION

In this study, a monitoring system was made and assessed that
predicts vehicle exhaust emissions based on data from sensors
and machine learning. The objective was mainly to predict
emissions accurately and locate cars that violated the
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regulations instantly, so that action could be taken in time to
protect the environment and the public.
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