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ABSTRACT

CO2 Emissions became one of the major causes of Green House effect and
Global Warming. There are many causes of CO2 emissions.Due to Vehicles,
Industries / Manufacturing,Electricity. The Motto is predicting the CO2
Emissions and Identifying some of the main causes of it. So that Necessary
actions can be taken. In our project we try to implement a Machine Learning
algorithm that will approach to predict the CO2 Emissions and Identifying
some of the main causes of it. So that Necessary actions can be taken. Here
the administrator trains the machine learning algorithm with a huge amount
of data sets to predict CO2 Emissions and features more responsible for

Emissions SO as to reduce their usage in future.
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CHAPTER 1
INTRODUCTION

Greenhouse gases, especially carbon dioxide (CO,) emissions, are viewed as
one of the core causes of climate change, and it has become one of the most
important environmental problems in the world.

This paper attempts to investigate the relation between CO, emissions and
economic growth, industry structure, urbanization, research and development
(R&D) investment, actual use of foreign capital, and growth rate of energy
consumption in China between 2000 and 2018. This study is important for
China as it has pledged to peak its carbon dioxide emissions (CO;) by 2030

and achieve carbon neutrality by 2060.

The Carbon dioxide (CO,) is a colourless, odourless and non-poisonous gas
formed by combustion of carbon and in the respiration of living organisms and
is considered a greenhouse gas. Emissions means the release of greenhouse
gases and/or their precursors into the atmosphere over a specified area and
period of time. Carbon dioxide emissions or CO, emissions are emissions
stemming from the burning of fossil fuels and the manufacture of cement; they
include carbon dioxide produced during consumption of solid, liquid, and gas

fuels as well as gas flaring.

There CO2 Emissions became one of the major cause of Greenhouse effect
and Global Warming. There many causes of CO2 emissions. Due to
Vehicles,Industries / Manufacturing, Electricity, Livestock. The Motto is
predicting the CO2 Emissions and ldentifying some of the main causes of it. So

that Necessary actions can be taken.

The global warming issues now become a universal problem for all nations. The
Intergovernmental Panel on Climate Change reported that scientists were more
than 95% certain that most of global warming is caused by increasing
concentrations of greenhouse gasses and other human (anthropogenic)
activities That balance between earth and atmosphere affected by an increase

in acid gasses charcoal or carbon dioxide (CO2), methane (CH4), nitrous oxide
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(N20), hydrofluorocarbons (HFC) and perfluorocarbons (PFC) more commonly

known by greenhouse gasses.

In particular, CO2 is a major cause of Global Warming. About eight billion tons
per year of carbon in the form of CO2 emitted globally through burning fossil
fuels for transport and for the production of heat and electricity around the

world.

Artificial Intelligence (Al) has the potential to transform several industries
including healthcare and medicine, education, marketing, food technology,
banking and financial services, travel, real estate, entertainment, and most
importantly in logistics and transportation that also focuses on developing such

solutions that are environmentally friendly.

Emission of carbon dioxide is the rest results of combustion of water (H20) and
carbon monoxide gas (CO) or also called as carbon dioxide (CO2) that is a
greenhouse gas. There’s a concept as references in the measurement of CO2
emission, namely carbon footprint.

Artificial Intelligence (Al) has the potential to transform several industries
including healthcare and medicine, education, marketing, food technology,
banking and financial services, travel, real estate, entertainment, and most
importantly in logistics and transportation that also focuses on developing such
solutions that are environmentally friendly.

The use of Al in smart cities will not only help in achieving efficiency but also

mitigate environmental issues.

One of the main reasons of climate change and changing earth temperature is
emission of CO2. Presence of gas in atmosphere varies time to time. Some
gases stay for few years and some thousands of years. Some gases are more
hazardous than others. According to the survey conducted by Inter
governmental Panel on Climate Change the temperature of land and ocean is
increased by average 0.85°C.

Hence the emission of gases in the last three decades was more. It has



decreased number of cold days and nights and also increased number of hot
days and nights.

Carbon dioxide(CO2) is more meticulous for Green House effect. There are
different factors for CO2 emission such as living organisms, fermentation,
burning of coal, natural gas, and oil, trees, wood products, solid waste. Carbon
footprint has become a buzzword widely.

We can see the online website for the home of carbon foot printing, carbon
calculators, CO2 reduction, carbon offsetting and caring for the climate.

One of the main reasons of climate change and changing earth temperature is
emission of CO2. Presence of gas in atmosphere varies time to time. Some
gases stay for few years and some thousands of years.

Some gases are more hazardous than others. According to the survey
conducted by Inter governmental Panel on Climate Change the temperature of
land and ocean is increased by average 0.85°C. Hence the emission of gases
in the last three decades was more. It has decreased number of cold days and
nights and also increased number of hot days and nights.

Carbon dioxide(CO2) is more meticulous for Green House effect. There are
different factors for CO2 emission such as living organisms, fermentation,
burning of coal, natural gas, and oil, trees, wood products, solid waste. Carbon
footprint has become a buzzword widely. We can see the online website for the
home of carbon foot printing, carbon calculators, CO2 reduction, carbon

offsetting and caring for the climate.

A smart city will not only be digitally advanced but also sustainable, aiming to
achieve zero CO2 emission to keep our planet healthy. Self-driving cars will be
dominant and online delivery will be extensively used. Taking these points into
account, this paper proposes a CO2 emission predictive analysis system
harnessing the power of Al to predict the quantities of CO2 emitted from cargo
transporting vehicles based on fuel consumption and distance traveled. The
goal is to help drivers and consumers alike become more responsible citizens

by making better and more environmentally conscious decisions.



Customers of online delivery services can be more in control of how much CO2
their orders’ delivery vehicles will emit as they have the ability to choose the
route with the least emission. Our proposed system aims to equip residents with
the ability to not just buy eco-friendly products but also have them delivered to

their doorstep in an eco-friendly way.
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CHAPTER 2
LITERATURE SURVEY

During a literature survey, we collected some of the information about CO2

Emission prediction mechanisms currently being used.

SURVEY OF CO2 EMMISION PREDICTION USING MACHINE LEARNING
APPROACH:

The CO2 Emissions has become one of the main cause of Greenhouse gases
and Global Warming. There many causes of CO2 emissions. Due to Vehicles,
Industries / Manufacturing, Electricity, Livestock. The Motto is to predict the
CO2 Emissions and Identifying some of the main causes of itSo that Necessary

actions can be taken.

Artificial Intelligence (Al) has the potential to transform several industries
including healthcare and medicine, education, marketing, food technology,
banking and financial services, travel, real estate, entertainment, and most
importantly in logistics and transportation that also focuses on developing such

solutions that are environmentally friendly.

This createsvery huge amounts of data at any given time asmore data needs to
undergo analysis before a prediction can be made. Each of the techniques
listed under regression has its own advantages and limitations over its other
counterparts. One of the noteworthy techniques that were mentioned was

decision trees.

During the last decade, the growth of energy consumption and CO2 emissions
be more important than industry growth trends, it means that the reduction of
energy consumption and CO2 emission or slightly does not cause a decrease in
growth industries. The industrial sector is the main contributor of the total CO2

emissions in the world.

Considering the growth of manufacturing sector, expected there is serious

concern about the emission of carbon dioxide. The use of energy is the greatest
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source of emissions. This represents about 65 percent of all gas emissions, and
the level of emission is expected to rise if no accurate steps implemented. Coal
and Electricity have been a preferred form for energy consumption and has
consistently registered a higher growth rate than other forms of energy.
Increased consumption of electrical power is more intimately bound up with

increased emission levels of CO2.

Recently, many efforts have been put on the complex system of economy-
environment and relevant CO2 emission reduction issues. In an effort to
minimizing CO2, there is a need of new manufacturing process, better known

as green manufacturing which is suitable a sustainable development strategic.

Green manufacture is aneconomically-driven, system-wide, and integration
approach to the reduction and elimination of all waste streams associated with

the design, manufacture, use and disposal products and materials.

The standards to reach green manufacture including zero potential safety
problems, zero health threats on the operators and product users, zero
environmental pollution, waste recycling, and waste disposal during the

production process as much as possible.

The way decision trees work is that they Decision trees use multiple algorithms
to decide to split a node into two or more sub-nodes. The creation of sub-nodes
increases the homogeneity of resultant sub-nodes. In other words, we can say
that the purity of the node increases with respect to the target variable.

Climate change is one of the significant challenges that the planet is facing
nowadays. CO2 emission is the largest contributor, and it is mainly released by
human activities. In Europe, the energy sector is responsible for roughly two-
thirds of all greenhouse gas (GHG) emissions and the amount of CO2 emitted
from electricity production can greatly vary in time as a function of sources used

to generate it.

The use of machine learning and artificial intelligence techniques to predict the
Co2 emissions is an increasing trend. More and more researchers invest their

time every day in coming up with results that can further reduce the emissionsof
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Carbon dioxide. Due to the vast number of options available, there can be n
number of ways on how to predict the carbon dioxide emissions, but all
methods don’t work the same way. The output varies for each algorithm even if
the same data set is being applied.

In the cited paper the carbon dioxide prediction has been carried out by using
the randomforest algorithm is being usedto predict the emissions of carbon
dioxide. This is just one wayof looking at the problem by approaching it using a
predictive model, using the random forest to predict the carbon dioxide
emissions. However, there are always other factors that influence the carbon
dioxide emissions, such as rural and urban population, energy use percapita,

renewable energy use etc.

Accurately predicting the co2 emissions is a challenging task, but the modern
web has proved to be a very useful tool in making this task easier. Due to the
interconnected format of data, it is easy to extract certain sentiments thus
making it easier to establish relationships.

The regression model designed in this paper will investigate CO2 emissions. To
create the model data iscollected from the World Bank from 1960 to 2014. The
CO2 is measured in kt. After collecting data, the data is normalized. The model
will predict the CO2 emission based on previous years data. To cross-validate
the model the evaluation technique is used by dividing dataset into training

dataand testing data

CO2 EMMISIONS FORECAST USING HISTORICAL DATA ANALYSIS:

The co2 emission prediction process is filled with uncertainty and can be
influenced by multiple factors. Therefore, the co2 emissions plays an important
role in Environmental changes. We took the data from the world bank. It
contains more historical data over the years so as to give us the best fit model

among all the taken machine learning models.

Understanding the nexus CO;emissions and economic growth helps

economies in formulating energy policies and developing energy resources in

Xiv



sustainable ways. Although during recent years, numerous of the previous
studies have been very thoroughly investigated the nexus between economic
growth and CO; emissions, there is a lack of research regarding the qualitative

systematic review and meta-analysis in these areas.

The main purpose of this review paper is to present the comprehensive
overview of the relationship between CO, emissions and economic growth. In
this regard, the Web of Science database has been chosen and a qualitative
systematic and meta-analysis method which called “Preferred Reporting ltems

for Systematic Reviews and Meta-Analyses (PRISMA)” has been proposed.

Therefore, a review of 175 published articles appearing in 55 scholarly
international journals between 1995 and 2017 has been achieved to reach a
broad review of the nexus between economic growth and CO, emissions with

other indicators.

Consequently, the selected articles have been categorized by the author name,
the year of publication, data duration, types of techniques, data analysis
method, the name of indicators, country, scope (individual country and multi-

countries), journals, results, and outcome in which they appeared.

The results of this paper demonstrated that the nexus between CO, emissions
and economic growth gives reasons for policy options that have to reduce

emissions by imposing limiting factors on economic growth as well.

Given the fact that bidirectional causality exists, as far as economic growth
increases or decreases, further CO, emissions are stimulated inhigher or lower
levelsand consequently, a potential reduction of the emissions should have an

adverse influence on economic growth.

Technical analysis is doneusing by applying machine learning algorithms on
historical data of co2 emissions. The method usually involves gathering various

social media data, news to extract sentiments expressed by individuals.

Other data like previous emissions data are also considered.The model was
able to make predictions about co2 predictions and feature analysis will be

done based on the carbon dioxide emissions.
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In this project the data sets collected are made to work on different machine
learning algorithms like decision trees and random forest to get the machine

learning model that gives more accuracy among all the algorithms.
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CAHPTER 3
AIM AND SCOPE OF PRESENT INVESTIGATION

Developing an application for analyzing and predicting co2 emissions
3.1 PURPOSE
The purpose of the system is mainly to reduce the co2 emissions and find
the factors that are most responsible for the carbon dioxide emissions and
to reduce the usage of the factors effecting co2 emissions.
3.2 SCOPE
It can be further developed by including more features. The carbon dioxide
emissions can be reduced by including some features like

e Switching to Electric Vehicles

e Usage of Solar panels and many more,

e therefore you can improve model accuracy.
3.30BJECTIVIES

e To predict the carbon dioxide emissions using ML model.

e To identify the features that are causing more carbon dioxide

emissions.

e To reduce their usage in future.

3.4 EXISTING SYSTEM

The present framework gives us the carbon dioxide emission by training on
some particular machine learning algorithms and then gives the output. It can
be further trained on a particular machine learning algorithm which gives more

accuracy among all the machine learning algorithms.

The existing system is only the prediction of carbon dioxide emissions with

best accuracy with best fit model. The data sets taken from some source

gives the best fit model for the prediction of carbon dioxide emissions.

3.5PROPOSED SYSTEM
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We have trained the data sets which were collected from the world bank on
various machine learning algorithms and found a particular model which is
best fit for the carbon dioxide predictions and carried on with that particular
model. We have then found the factors that are more responsible for the

carbon dioxide emissions to occur.

The factors that are impacting more on carbon dioxide emissions either
positively or negatively. The negatively dependent factors can be reduced
from usage in future to reduce the carbon dioxide emissions whereas the
positively dependent factors on carbon dioxide emissions are now given more
value and can be increased in usage to reduce the carbon dioxide emissions

in future.
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CHAPTER 4
SYSTEM DESIGN

[ aswEATA } [ reatune }

L EXTRACTION

L

TRAINING DATA } TESTING DATA

TRAINED DATA
PREDICTION OF
RESULT CO2EMISSIONS

Fig: 4.1: System Architecture

Raw data:

Raw information is an exceptionally essential module and it is a beginning
stage towards of the project. The raw data contains all duplicate values or the
missing values and many more modification like cleaning the data and data
visualization, data recording and cleaning to be done for the raw data. So we

can be getting the predictions more accurate.
Feature Extraction:

Extraction is a piece of information mining, which includes new features when
mining is done like renewable energy use, energy per kg oil, urban population,
rural population etc. The features extracted and we fill the missing values and

the duplicate values are to be removed from the data to make it much more
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accurate for the carbon dioxide predictions and the partitioning informational

collections into test sets, and preparing.

Training and Testing Data:

It is utilized to decide the examples in the given RAW information the data is
divided into the training and testing data and the data sets which are collected
are made to train on various machine learning algorithms and cross approval
information is utilized to guarantee the precision and improved effectiveness
of the calculations utilized in machine preparingAnd test information is utilized
to perceive how well machines anticipate the obscure answers dependent on

their preparation. Can.
Predicted CO2Emissions:

It The data sets when trained on different algorithms gives us the final carbon
dioxide emissions. It is the capacity of deciding the future prediction of co2
emission and we will see that the factors that are more effecting the co2

emissions are reduced so as to reduce the carbon dioxide emissions in future.
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o CO2 EMISSION
DATA ML MODEL LEVEL FEATURE

RECORDING COLLECTION

ANALYSIS
AND CLEANING SELECTION PREDICTION

Fig: 4.2: System Architecture

« Data Recording: Recorded data of Several Aspectslike CO2 metrics per
Capita, Electricity access for % Population, GDP Growth, Urban Population
and Population growth, Energy usage have to be recorded.

« Data Cleaning: In most of the cases we don’t get clean data.So we have to
apply some cleaning methods like replacing/dropping missingvalues, dropping

duplicates and identifying inappropriate data etc.

+ Data Visualization: Data needs to be visualized to understand it's behaviour
and features.

« ML Model: As this is a regression problem, we have a wide variety of ML
model available. We choose Multivariate linear regression, DecisionTree,
Random Forest as main Models.

+ CO2 Emission prediction: Model predicts the CO2 Emissions for the test data
that we provide.

* Feature Analysis: As Models like Random Forest are best in giving feature
importance, we can identify the major causes for the CO2 Emissions. So that

we can take necessary action/measures towards it.
XXi



Climate change is one of the significant challenges that the planet is
facing nowadays. CO2 emission is the largest contributor, and it is
mainly released by human activities. In Europe, the energy sector is
responsible for roughly two-thirds of all greenhouse gas (GHG)
emissions and the amount of CO2 emitted from electricity production

can greatly vary in time as a function of sources used to generate it.

By seeing the above feature analysis we can know what are the factors

effecting more co2 emissions and to reduce them in future.
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CHAPTER 5
METHODS AND ALGORITHMS USED

REGRESSION MODEL:

The model is utilized to appraise the consistent qualities. Assessing house costs is
one of the most widely recognized instances of relapse given the size of the home, for
example, size, cost, and understudy and educator proportion. This is an innovation to
be checked. An away from of the sorts of Al and some significant viewpoints is given
in my past article.
* Beginning with Machine Learning
Types of Regression

+ Simple Linear Regression

+ Polynomial Regression

» Support Vector Regression

» Decision Tree Regression

+ Random Forest Regression

REGRESSION:.

Simple linear regression dependent on the info variable X. There ought to be a direct
connection between the indicator and the objective variable, consequently the name
nonlinear relapse. Evaluating worker compensation dependent on their age. We can
without much of a stretch distinguish (more) the connection between worker pay and
age.

Age more prominent compensation). The theory of a straight relapse line or condition
is Y, which speaks to the pay, X is the age of the worker and the coefficients of the
condition an and b. In this way, to evaluate the pay for a given age, we have to know

the qualities of the coefficients of the model.
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Y =a + bX

Training Training Training
Data Data o Data
1 2 n
Training ¢ ¢ ¢
Set Decision Decision Decision
Tree Tree Tree
] \ 2/ "
Voting
Test Set il

v

Prediction

RANDOM FOREST

When preparing and constructing relapse models, these are the modules related with
the preparation information and fitted. The motivation behind preparing information is
to locate the best fit line to lessen cost execution. The cost work assists with
estimating mistake. In the preparation procedure we attempt to limit the blunder
among genuine and real qualities and consequently lessen cost execution.

In the figure, the blue line is the surmised line to the preparation information and the
red spots are the information focuses. These information focuses are assessed on
line to get the rough worth.

To put it plainly, we plan to locate the specific qualities of the coefficients that are
XXiv



diminished by the cost work. The most normally utilized cost work is the mean
squared mistake (MSE), which is equivalent to the mean squared blunder distinction
between the genuine and assessed values of the perception. The coefficient esteems
are determined utilizing the slope drop technique, which will be examined in detall
later. To give a concise knowledge, we start with some irregular qualities of the
coefficient of inclination plummet, compute the angle of the cost work at these
qualities, update the coefficient, and recalculate the cost work. Thisprocedure is
rehashed to locate the base estimation of the cost work.

POLYNOMIAL REGRESSION:

In polynomial regression, we convert the first properties into polynomial properties of a
given degree and afterward apply straight relapse to it. Follow the above direct model

Y = a + bX changes along these lines

Y = a+bX+cX?

It is still a linear model but the curve is quadratic rather than a line. Scikit-Learn
provides Polynomial Features class to transform the featuresin polynomial regression,
we convert the first properties into polynomial properties of a given degree and
afterward apply straight relapse to it. Follow the above direct model Y = a + bX

changes along these lines.

RANDOM FOREST:

Random Forest is a popular machine learning algorithm that belongs to the
supervised learning technique. It can be used for both Classification and

Regressionproblems in ML. It is based on the concept of ensemble learning, which is
XXV



a process of combining multiple classifiers to solve a complex problem and to improve

the performance of the model.

As the name suggests, "Random Forest is a classifier that contains a number of
decision trees on various subsets of the given dataset and takes the average to
improve the predictive accuracy of that dataset.” Instead of relying on one decision
tree, the random forest takes the prediction from each tree and based on the majority

votes of predictions, and it predicts the final output.
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CHAPTER 6

RESULTS AND PERFORMANCE ANAYLSIS

RESULTS:

HULSIWUURULY TJ TJdual

+
@

File

+ E %( ID m B BP Runal

Edit

View Run Add-ons Help

train.head(18)

Code ~

233

50.0

Draft Session (9m)

sion (Bm) ¢ ; : d O

2, Share

Population_growth Urban_population_grov

Population_growth Urban_population_growth
02
20
01

-20

Country Year GDP_Growth CO2_Emission_Metrics_per_capita Electricity_access Urban_population
0 Afghanistan 2008 39 0.200000 42400000
1 Albania 2008 75 1.500000 79963396
2 Algeria 2008 24 3.200000 79.963396
3 Ameriean oo 26 4867377 7996339
Samoa
4 Andorra 2008 -56 6.400000 100.000000
) Angola 2008 1.2 1.200000 31.300000
Antigua
[ and 2008 0.0 5.600000 100.000000
Barbuda
7  Argentina 2008 41 4.700000 97.500000
8 Armenia 2008 6.9 1.900000 99.400000
9 Aruba 2008 -01 26.200000 100.000000
Fig: 6.1:Train Data
File Edit View Run Add-ons Help
+ @ ¥ O [ b » roal Code -
test| Lountry | = le.rit_transtorm{test| Lountry J)
> test.head(18)
[44]: Country Year GDP_Growth (02 _Emission Metrics per capita Electricity access Urban_population
0 0 2014 237 0.300000 89.500000
1 1 2014 18 1.900000 100.000000
2 2 2014 38 3.700000 99.800000
3 3 2014 09 4.871937 82366284
4 42014 23 5.800000 100.000000
5 5 2014 48 1.700000 32.000000
6 6 2014 38 5.700000 100.000000
7 8 2014 -2.5 4.600000 100.000000
8 9 2014 36 1.900000 100.000000
9 10 2014 03 8.400000 100.000000

Fig: 6.2: Test Data
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Q@ m

File Edit View Run Add-ons Help

E g( |D |j B BB RunAl Code ~ Draft Session {15m)

from sklearn.ensemble import RandomForestRegressor
from sklearn.tree import DecisionTreeRegressor
from sklearn.linear_model import LinearRegression

rf = RandomForestRegressor(min_samples_split=2,min_samples_leaf=2, random_state=08)
rf.fit(X_train, y_train)

RandomForestRegressor(min_samples_leaf=2, random_state=8)

[157]:

predicted_test = rf.predict(X_test)

from sklearn import metrics

print( ' Mean Absolute Error:', metrics.mean_absolute_error(y_test, predicted_test))
print( 'Mean Squared Error:', metrics.mean_squared_error(y_test, predicted_test))

O

print('Root Mean Squared Error:', np.sgrt(metrics.mean_squared_error(y_test, predicted_test)))

Mean Absolute Error: 2.9086338176437221
Mean Squared Error: 2.4974877863444806
Root Mean Squared Error: 1.5383183875491176

Fig: 6.3: Random Forest

o Slars

O 1 o

As we see that we got accuracy of 90 percentage if we train the data sets with the random

forest regression machine learning algorithm

Mean Absolute Error: 1.17362189576273@2
Mean Squared Error: 5.770587461832753
Root Mean Squared Error: 1.883338310353415

Fig: 6.4: Decision Tree
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Decision Tree
dt=DecisionTreeRegressor(min_samples_split=2,min_samples_leaf=1, random_state=0)
dt.fit(X_train,y_train)
DecisionTreeRegressor(random_state=8)
predicted_test_dt = dt.predict(X_test)
from sklearn import metrics
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CHAPTER 7
SUMMARY AND CONCLUSION

SUMMARY

The project is used to demonstrate the machine learning models to predict the
carbon dioxide emissions with high accuracy when compared with the previously
implemented machine learning models. By using this project we can approximately
predict the carbon dioxide emissions using various machine learning algorithms
like random forest and decision trees. The feature extraction is also done so as to
predict the factors that are mostly responsible for the carbon dioxide emissions.
We can observe that there are some factors that gives negative impact on co2
emissions and some factors that are positive to co2 emissions. One should avoid
factors that are related to co2 emissions in increase and increase the usage of
factors that are positively related to co2 emissions so as to reduce the emissions

in future.

CONCLUSION

As we have seen the feature importance: Cause Analysis,

* The Energy use per kg oil per capita

* Renewable energy usage (% Total)

» Urban Population(% total population)

* Population (total)

» Electricity access(% total population)
These are the features got most importance and therefore have more impact on
the Target: ‘CO2 Emission’.
In the above given features as we see that the energy use per kg oil percapita and
renewable energy usage are the most dependent features on carbon dioxide
emissions. But if we see the energy use per kg oil is the negative factor so we should

stop using it and renewable energy use is the positive factor so we have to increase

XXX



its usage to reduce the carbon dioxide emissions in future. So we should increase the

usage of renewable energy and decrease usage of energy per kg oil.
As we see after the feature extraction the above mentioned factors are more

dependent on carbon dioxide emissions so we have to take necessary actions to

reduce the negatively impacted factors so as to reduce the carbon dioxide emissions.
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APPENDIX : SAMPLE CODE

import pandas as pd

import numpy as np

import sklearn

import matplotlib.pyplot as plt

import seaborn as sns

from sklearn import preprocessing

from sklearn.model_selection import train_test_split

train= pd.read_csv("../input/co2-emission-prediction-
data/CO2_emission_train_data_set.csv")

test= pd.read_csv("../input/co2-emission-prediction-

data/CO2_emission_test data_2014.csv")

train.shape

test.shape

train.drop_duplicates()

test.drop_duplicates()

train.isnull().values.any()

test.isnull().values.any()

train.info()

train['Energy_use_kg_of oil_per_capita'l=

train[Energy_use_kg_of oil_per_capita'].apply(lambda x: x.replace(’,","))
test['Energy_use_kg_of oil_per_capita’l=

test['Energy_use_kg_of oil_per_capita’].apply(lambda x: x.replace(’,","))
train['Population_total']= train['Population_total'].apply(lambda x: x.replace(’,","))
test['Population_total']= test['Population_total].apply(lambda x: x.replace(’,’,"))
train['Energy_use_kg_of oil_per_capita’].tail()

train['Population_total].head()

train[ GDP_Growth']=train[GDP_Growth'].apply(lambda x:x.replace('..","))

train[CO2_Emission_Metrics_per_capita']=train[CO2_Emission_Metrics_per_capita’.
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apply(lambda x:x.replace('..","))
train['Electricity_access']=train['Electricity_access'].apply(lambda x:x.replace('..","))
train['Urban_population']=train['Urban_population'].apply(lambda x:x.replace('..","))
train['Population_growth']=train['Population_growth'].apply(lambda x:x.replace('..","))

train['Urban_population_growth_annual’]=train['Urban_population_growth_annual’].ap
ply(lambda x:x.replace('..","))

train['Live_stock production’]=train['Live_stock_production’].apply(lambda
x:x.replace('..","))

train['Forest_area']=train['Forest_area'].apply(lambda x:x.replace('..","))
train[Renewable_energy_use']=train['Renewable_energy_use'].apply(lambda
x:x.replace(’..","))

train['Energy_use_kg_of oil_per_capita'l=train['Energy_use_kg_of oil_per_capita']l.ap
ply(lambda x:x.replace('..","))
train['Population_total]=train['Population_total].apply(lambda x:x.replace('..","))

test['GDP_Growth']=test['GDP_Growth'].apply(lambda x:x.replace('..","))
test['CO2_Emission_Metrics_per_capita’]=test['CO2_Emission_Metrics_per_capita’l.a
pply(lambda x:x.replace('..","))

test['Electricity_access'|=test['Electricity_access'].apply(lambda x:x.replace('..","))
test['Urban_population]=test['Urban_population’].apply(lambda x:x.replace('..","))
test['Population_growth']=test['Population_growth'].apply(lambda x:x.replace('..","))

test['Urban_population_growth_annual’]=test['Urban_population_growth_annual’].appl
y(lambda x:x.replace('..","))
test['Live_stock_production’]=test['Live_stock_production’].apply(lambda
x:x.replace('..","))

test['Forest_area']=test['Forest_area'].apply(lambda x:x.replace('..","))
test['Renewable_energy use'l=test['Renewable_energy use'].apply(lambda
x:x.replace(’..","))
test['Energy_use_kg_of oil _per_capita’l=test['Energy_use kg _of oil_per_capital.appl
y(lambda x:x.replace('..","))
test['Population_total']=test['Population_total'].apply(lambda x:x.replace('..","))

train[GDP_Growth']=pd.to_numeric(train[ GDP_Growth')
train[CO2_Emission_Metrics_per_capita'l=pd.to_numeric(train['CO2_Emission_Metri
CS_per_capita'])

train['Electricity_access'|=pd.to_numeric(train['Electricity _access'])
train['Urban_population]=pd.to_numeric(train['Urban_population’])
train['Population_growth']=pd.to_numeric(train['Population_growth'])
train['Urban_population_growth_annual’]=pd.to_numeric(train['Urban_population_gro
wth_annual'])

train['Live_stock_production’]=pd.to_numeric(train['Live_stock_production’)
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train['Forest_area'l=pd.to_numeric(train['Forest_area')

train[Renewable_energy_use']=pd.to_numeric(train[Renewable_energy_use'])
train[Energy_use_kg_of oil_per_capita'l=
pd.to_numeric(train['Energy_use_kg_of_oil_per_capita'])
train['Population_total]= pd.to_numeric(train['Population_total'])

test['GDP_Growth]=pd.to_numeric(test[GDP_Growth'])
test['CO2_Emission_Metrics_per_capita’l=pd.to_numeric(test['CO2_Emission_Metrics
_per_capita’])

test['Electricity_access']|=pd.to_numeric(test['Electricity_access'])
test['Urban_population']=pd.to_numeric(test['Urban_population')

test['Population_growth']=pd.to_numeric(test['Population_growth'])
test['Urban_population_growth_annual]=pd.to_numeric(test['Urban_population_growt
h_annual’)

test['Live_stock_production']=pd.to_numeric(test['Live_stock production’)

test['Forest_area’]=pd.to_numeric(test['Forest_area’])

test['Renewable_energy use'l=pd.to_numeric(test[Renewable_energy use')
test['Energy_use_kg_of oil_per_capita']=
pd.to_numeric(test['Energy_use_kg_of oil _per_capita’)
test['Population_total']= pd.to_numeric(test['Population_total'])

train[ GDP_Growth']=train[ GDP_Growth'].fillna(train[ GDP_Growth'].mean())

train[CO2_Emission_Metrics_per_capita'l=train[ CO2_Emission_Metrics_per_capita’].
fillna(train[CO2_Emission_Metrics_per_capita']l.mean())
train['Electricity_access']=train['Electricity_access'].fillna(train['Electricity_access’].mea

n()

train['Urban_population’]=train['Urban_population’].fillna(train['Urban_population’].mea
n())
train['Population_growth']=train['Population_growth'].fillna(train['Population_growth'].m
ean())

train['Urban_population_growth_annual’]=train['Urban_population_growth_annual’.filln
a(train['Urban_population_growth_annual’].mean())

train['Live_stock _production’]=train['Live_stock_production’].fillna(train['Live_stock pro
duction’].mean())

train['Forest_area']=train['Forest_area'].fillna(train['Forest_area'].mean())
train[Renewable_energy_use']=train['Renewable_energy use'].fillna(train[Renewable
_energy_use']l.mean())

train['Energy_use_kg_of oil_per_capita’]=train['Energy_use_kg_of oil_per_capita'].fill
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na(train[Energy_use_kg_of_oil_per_capita']l.median())
train['Population_total]=train['Population_total].fillna(train['Population_total]l.mean())

test['GDP_Growth']=test['GDP_Growth].fillna(test[ GDP_Growth'].mean())

test['CO2_Emission_Metrics_per_capita’]=test['CO2_Emission_Metrics_per_capita’].fil
Ina(test['CO2_Emission_Metrics_per_capita']l.mean())
test['Electricity_access'|=test['Electricity_access'].fillna(test['Electricity _access'].mean(

)

test['Urban_population’]=test['Urban_population’].fillna(test['Urban_population'].mean()

)
test['Population_growth']=test['Population_growth].fillna(test['Population_growth’].mea

n())
test['Urban_population_growth_annual‘]=test['Urban_population_growth_annual’.fillna
(test['Urban_population_growth_annual’].mean())

test['Live_stock_production']=test['Live_stock production’].fillna(test['Live_stock prod
uction'].mean())

test['Forest_area']=test['Forest_area'].fillna(test['Forest_area']l.mean())
test['Renewable_energy use'|l=test['Renewable energy use’].fillna(test[Renewable_e
nergy_use'l.mean())

test['Energy_use_kg_of oil_per_capita'l=test['Energy_use_kg_of oil_per_capita’.filin
a(test['Energy_use_kg_of oil_per_capita’].median())
test['Population_total']=test['Population_total’].fillna(test['Population_total].mean())
train.isnull().sum()

test.isnull().sum()

train.describe()

test.describe()

train.head(10)

test.head(10)

le = preprocessing.LabelEncoder()

train['‘Country’] = le.fit_transform(train['Country'])
test['Country'] = le.fit_transform(test['Country'])

plt.figure(figsize=(10,7.5))
cor = train.corr(method ='pearson’)
sns.heatmap(cor, cmap="RdYIGn")
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plt.show()

y_train= train[CO2_Emission_Metrics_per_capita']
X_train= train.drop(['CO2_Emission_Metrics_per_capita’], axis=1)

y_test=test['CO2_Emission_Metrics_per_capita’]
X_test= test.drop(['CO2_Emission_Metrics_per_capita'], axis=1)

from sklearn.ensemble import RandomForestRegressor
from sklearn.tree import DecisionTreeRegressor
from sklearn.linear_model import LinearRegression

rf =
RandomForestRegressor(min_samples_split=2,min_samples_leaf=2,random_state=0

rf.fit(X_train, y_train)

predicted_test = rf.predict(X_test)
from sklearn import metrics

print(‘'Mean Absolute Error:', metrics.mean_absolute_error(y_test, predicted_test))
print(‘'Mean Squared Error:', metrics.mean_squared_error(y_test, predicted_test))
print‘'Root Mean Squared Error:', np.sqrt(metrics.mean_squared_error(y_test,
predicted_test)))

print('R2 Score:', metrics.r2_score(predicted_test, y_test))

def rf_feat_importance(m, df):
return pd.DataFrame({'cols"df.columns, 'imp":m.feature_importances_}
).sort_values('imp', ascending=False)
fi_rf = rf_feat_importance(rf, X_train);

dt=DecisionTreeRegressor(min_samples_split=2,min_samples_leaf=1,random_state=
0)
dt.fit(X_train,y_train)

predicted_test_dt = dt.predict(X_test)
from sklearn import metrics

print('Mean Absolute Error:', metrics.mean_absolute_error(y_test, predicted_test dt))
print('Mean Squared Error:', metrics.mean_squared_error(y_test, predicted_test dt))
print‘'Root Mean Squared Error:', np.sgrt(metrics.mean_absolute_error(y_test,
predicted_test dt)))

print('R2 Score:', metrics.r2_score(predicted_test dt, y_test))
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def dt_feat importance(m, df):
return pd.DataFrame({'cols":df.columns, 'imp":m.feature_importances_}
).sort_values('imp', ascending=False)
fi_dt = dt_feat_importance(dt, X_train);

def plot_fi(fi_rf): return fi_rf.plot(‘cols’, 'imp’, 'barh’, figsize=(12,7), legend=False)
plot_fi(fi_rf[:]);
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