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Abstract: In today’s modern world, the environmental wealth is
degraded due to the advancement in the technology. The software
development leads to the emission of electronic waste that affects
thewhole part of the country. Theforest area and the agricultural
land are converted into living places, companies, industries, server
warehouse and heavy workstations. Due to this, heavy damages
occur in the environmental resources. The basic characteristics of
the nature quality are becoming poor due to the technological
advancement. Due to the heavwy emission of rays in the
environment, there is a chance for the occurrence of firein the
forest. This leads to the challenging issue of predicting the area
coverage of thefirein the forest. After the event of fire damage, it
is a difficult task to analyze the area that suffered from the fire.
With this analytical view, this paper focuses on finding the area
coverage of fire using various regression algorithms. The forest
area coverage dataset from the UCI machine learning repository
isused for analyzing the area coverage of thefire. The prediction
of area coverage of fireis accomplished in four ways. Firstly, the
raw data set is fitted with various regression algorithmsto predict
the fire area coverage. Secondly, the data set is tailored by the
feature selection algorithm namely backward elimination
technique. Thirdly, the backward eliminated reduced fire area
coverage data set is fitted with various regression algorithms to
predict thefire area coverage. Fourth, the performance analysisis
done for the raw data set and backward eliminated reduced fire
area coverage data set by reviewing the performance metrics mean
squared error (MSE), Mean Absolute Error (MAE) and R2 Score.
This paper isimplemented by python scriptsin Anaconda Spyder
Navigator. Experimental Result showsthat the Passive Aggressive
regressor have the effective prediction of fire area coverage with
minimum MSE of 0.07, MAE of 1.03 and equitable R2 Score of
0.93 without backward elimination. In the same way, the Passive
Aggressiveregressor MSE of 0.06, MAE of 1.02 and equitable R2
Score of 0.96 with backward elimination.

Index Terms. Machine Learning, Feature Extraction, PCA,
MSE, MAE, R2 Score.
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. INTRODUCTION

The machine learning technology is used for the prediction
and the forecasting of the damages that can occur with the
natural resources by the knowledge of the occurred event.
Generally, the damages occurred by the natural calamity must
be interpreted and analyzed numerically for the future
prediction of the damages. The world exists only because of
the availability of natural resources and its wealth. Theliving
organisms are available only by the presence of agricultural
land, forest and other natural resources. So, the technological
advancement should favor the world by predicting the
damages that can occur due to the natural calamity. In
machine learning technology, the prediction of dependent
attribute is performed using regression or classification.

The paper is equipped in which the review of literaturesis
discussed with Section 2 go subsequently by the proposed
work in the Section 3. Implementation and Performance
Analysisisdeliberated in Section 4 tailed by the conclusion of
the paper in Section 5.

[I. RELATED WORK

A. Literature Review

SAMOA is used to analyze the forest fire storm using the
meachine learning agorithms in SAMOA which is similar to
Mahout for Hadoop. Vertical Hoeffding paraléelizing
streaming decision tree induction is encompassed in SAMOA
API procedure for forecasting the forest cover types from the
cartographic variables [1].

The mapping of the abstract dataset variables and the
interconnected components are the basic requirements for the
prediction of forest design and its health. The one to one
mapping of the forest attributes and their components are
done for northern Europe by using k-nearest neighbor’s
method for augmenting the wall-to-wall basal area, volume,
and cover type assessment. Some of the factors like distance
metric, weighting function, feature weighting parameters, and
number of neighbors are also measured for extrapolation of
the forest cover type[2].

Resources Renewable Planning Act (RPA) is also used for
finding the area coverage of the fire and for the mapping of
forest attributes and its components [3].

A multi-source account process for the forest area coverage
is established grounded on the k-nearest neighbor rule for
generating the maps of nominated forest variables.
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It uses pulverized proposal from the NFI, satellite image
data and pounded cloak maps from Landsat data[4]. Thelabel
noise is one of the major trepidations in classification. The
review on label noise and its influence on classification is
done by using label noise-robust, label noise cleansing, and
label noise-tolerant algorithms [5].

The machine learning attribute collection and removal
methods can be used for the detection of dependent attribute
for various real time application can be understood through
thisarticle[6]-[17].

[11. DIMENSIONALITY REDUCTION

Dimensionality reduction accomplishes the conversion of
extraordinary dimensional data to lesser dimensional data
deprived of any damage of information. There are two group
in dimensionality reduction: Feature selection and Feature
Extraction. Feature selection look for at preservation of only
suitable features in the given data set whereas feature
extraction concentrates on finding an optimal set of attributes
usually a combination of input attribute without loss in the
originality of information.

A. Backward Elimination

The stages in the Backward Elimination are as follows,

Step 1: Predefine the significance level to quit the model at
the end of the processing.

Step 2: Tey to build and design the model with the best
independent attributes.

Step 3. Examine the independent attribute with highest P
value.

Step 4: If Pvaueislessthan the significance level then go to
step 6.

Step 5: Is step 4 is not satisfied, then the “model is stabilized
to use”.

Step 6: Eliminate the independent variable

IV. PROPOSED WORK

In this work, the area coverage of the fire is predicted by
using the machine learning algorithms. Our contribution in
this paper is folded in two ways.

(i) Firstly, the raw data set is fitted with various
regression algorithms to predict the fire area
coverage and they are as follows,

o Linear Regression

o ARDRegression Module

o Bayesian Ridge

o Huber Regressor

o LarsCV

e LassoCV

o LassoLarsCV

o OrthogonalMatchingPursuit
o PassiveAggressiveRegressor
o RANSAC Regressor

e RidgeCV

o SGDRegressor

o TheilSenRegressor

o ElasticNet

o ElasticNetCV

o LassoLarsIC
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(i1) Secondly, the data set is tailored by the feature
selection algorithm namely backward elimination
technique.

(iii) Thirdly, the backward eliminated reduced fire area
coverage data set is fitted with above mentioned
regression algorithms to predict the fire area
coverage.

(iv) Fourth, the performance analysis is done for the raw
data set and backward eliminated reduced fire area
coverage data set by reviewing the performance
metrics mean squared error (MSE), Mean Absolute
Error (MAE) and R2 Score.

A. System Architecture
The overall design of our work is shown in Fig. 1
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B. Analysiswith Backward Elimination

The raw data set is fitted with various regression algorithms
Fitting to Linear Regression, ARDRegression Module,
Bayesian Ridge, Huber Regressor, LarsCV, LassoCV, Lasso
LarsCV, Orthogonal Matching Pursuit, Passive Aggressive
Regressor, RANSAC Regressor, RidgeCV, SGD Regressor,
TheilSen Regressor, Elastic Net, ElasticNetCV regressor,
LassoLarsIC to predict the fire area coverage. The
performance analysis is done with MAE, MSE and R2 Score.
The metric comparison of MAE for the forest fire area
coverage dataset is shown in Table 1 and the analysis is shown
in Fig 10.

Table. 1. Comparison of Mean Absolute Error

Regression Mean Absolute Error
Methods Without Backward With Backward
Elimination Elimination
Linear 1.45 141
ARDModule 1.64 161
Bayesian Ridge 1.75 1.73
Huber 161 157
LarsCV 1.81 173
LassoCV 1.79 1.70
LassoLarsCV 173 1.64
Orthogonal 1.63 151
Passive Aggressive 1.03 1.02
RANSAC 143 131
RidgeCV 1.59 1.48
SGDRegressor 161 1.56
TheilSen 1.68 1.54
ElasticNet 1.72 161
ElasticNetCV 1.32 1.25
LassoLarsIC 1.29 1.22

—#i— Mean Absolute Error With Backward Elimination
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LassoLarsCV 0.17 0.17
Orthogonal 0.18 0.15
Passive 0.07 0.06
RANSAC 0.21 0.18
RidgeCV 0.37 0.31
SGDRegressor 0.34 0.27
TheilSen

Regressor 0.29 0.23
ElasticNet 0.26 0.21
ElasticNetCV 0.19 0.15
LassoLarsIC 0.33 0.23
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Fig. 11 Analysis of Mean Squared Error
The metric comparison of R2 Score for the forest fire area
coverage dataset is shown in Table 3 and the analysis is shown
in Fig 12.
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v Regression R2 Score
_ < Methods Without Backward With Backward
Fig. 10 Analysis of Mean Absolute Error Elimination Elimination
Linear 0.69 0.64
The metric comparison of MSE for the forest fire area ARDRegression 0.78 0.72
coverage dataset is shown in Table 2 and the analysis is shown Bayesian Ridge 0.62 0.69
in Fig 11. _ Huber 0.58 0.55
RTablg. 2. Comparison (’3/1: M eszn i(jtéared Error LasCV 077 074
egression ean uar rror
Methods Without Backward | With Backward Lassocv 082 087
Elimination Elimination LassoLarsCV 0.79 0.77
Li R ] Orthogonal
Inear Regression 0.29 0.24 o9 0.75 0.7
. Passive 0.93 0.96
ARDRegression 0.28 0.22 RANSAC 0.71 0.78
Bayesian Ridge 0.32 0.39
H Ri
uber Regressor 0.28 0.25
LarsCV 0.27 0.24
LassoCV 0.22 0.17
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RidgeCV
SGDRegressor
TheilSen
ElasticNet
ElasticNetCV
LassoLarsIC

0.87
0.74
0.89
0.76
0.89

0.81
0.77
0.83
0.71
0.85
0.83 0.79

The iterations that are carried out in the backward
elimination that are applied in the forest fire area coverage
dataset is shown with the attribute details and the attributes

that are eliminated and removed in each iteration is shown in
the Table 4.

Table. 4. Iterations of Backward Elimination
Features Iterations of Backward Elimination

Il VI

X

Y
FFMC
DMC
DC
1S
Temp
RH
Wind
Rain

0.94
0.23
0.63
0.84
0.05
0.33
0.59
0.51
0.34
0.49

Area 0.77

VI. CONCLUSION

This paper analyses the performance of forest area coverage
with and without backward elimination. The performance
anaysisis done with the metrics such as MAE, MSE and R2
Score. Experimental Result shows that the Passive Aggressive
regressor have the effective prediction of fire area coverage
with minimum MSE of 0.07, MAE of 1.03 and equitable R2
Score of 0.93 without backward elimination. In the same way,
the Passive Aggressive regressor MSE of 0.06, MAE of 1.02
and equitable R2 Score of 0.96 with backward elimination.
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