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WEATHER PREDICTION USING DIFFERENT MACHINE LEARNING MODELS

Sumana Chatterjee*

ABSTRACT

This is a paper based on different machine learning models and comparison between these
models to predict weather for certain day of a place Alipore (station code 42807).Based on analysis of
big data as well as understanding the trend of output ,we had the objective to predict the probable
weather . As we get weather from observational data ,basically we get two types of weather ,one type is
significant weather with weather phenomena like lightning (code 0),drizzle(code 5), rain(code 6), thunder
storm with rain(code 9) and another type is no such significant weather that means clear weather .For
analysis ,we created some new dependent variable ‘T’ and considered ‘T’ as ‘1’ for significant weather
while considered ‘T’ as ‘O’ for clear weather. Ultimately we used different machine learning models to
predict probable weather for certain day along with comparison of performance rate for all these
models.

Keywords: Logistic Regression, Decision Tree, Random Forest, Naive Bayes, Support Vector Machine,
XG Boost, Grid Search CV, Hyper Parameter Tuning (Random Forest).

Introduction

Prediction of weather event by artificial intelligence and machine learning is a great challenge. In
this case prediction is based on analysis by various machine learning techniques under supervised
learning. Starting from analysis by logistic regression method, one by one other machine learning
supervised learning process executed with the training and testing data to obtain the result of prediction,
accuracy score, classification report, confusion matrix as well as updating score card each time after
execution of each technique. Each time we obtained the output value either ‘0’ or ‘1’. In our case, each
time, execution after each model,we obtained the same result as’0’.

Literature Review

Mainly the study material along with python code compatible with google collaboratory and
jupyter platform obtained from hands on training of the course ‘advanced certification in data science and
ai’, offered by ‘CCE CODE IIT MADRAS’, organised by ‘INTELLIPAAT’. Other sources are online
websites ‘geeks for geeks’, ‘medium’, ‘towards data science’, ‘analytics vidya’, ‘w3 school’ etc.
Theory and terminology used in this paper based on supervised machine learning technique

The theory and technique applied for different models are described herewith.

In this paper the prediction on test data set has been done by different machine learning models

one by one and after execution of each model accuracy and updated score card is obtained to compare
the efficiency. The theory and technique behind each model is described herewith.
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Logistic Regression Terminology and Technique
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Decision Tree Terminology And Technique

Decision Tree: Terminology

Pruning

Branch/SubTree

Formed by splitting the tree/node

>

Opposite of Splitting, basically removing

unwanted branches from the tree

Splitting

Dividing the root node/sub node into

Parent/Child Node

different parts on the basis of some
Root node is the parent node and all the other

i f condition.
nodes branched from it is known as child node

Leaf Node

Node cannot be further segregated into

Root Node

It represents the entire population or

sample and this further gets divided into further nodes

17:67 two or more homogenous sets.
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The ssue at hand

Entropy Information Gain

Defines randomness in the data The information gain is the decrease in

It is a metric which measures the impurity entropy after a dataset is split on the basis of
3 3 an attribute. Constructing a decision tree is all

The first step to solve the problem of a decision tree - ne

about finding attribute that returns the highest

information gain

N Reduction in Variance Gini Index

Reduction in variance is an algorithm used for

The measure of impurity (or purity) used in

continuous tar ariables (regression

building decision tree in CART is Gini Index
problems). The split with lower variance is

selected as the criteria to split the population
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Calculating Entropy

1 Entropy(s) = - P(yes) log, P(yes) - P(no) log, P(no)

Where,
S is the total sample space,

P(yes) is probability of yes

%0.5
If number of yes = number of no ie P(S) = 0.5
— Entropy(s) =1
If it contains all yes or allnoie P(S)=1o0r 0
0
0 Lk 0.5 1 = Entropy(s) =0

PrX=1)

Calculating Entropy

1
E(S) = -P(Yes) log, P(Yes)- P(no) log, P(no)
When P(Yes) =P(No) = 0.5 ie YES + NO = Total Sample(S)
Q E(S) =-0.5 log, 0.5 —0.5 log, 0.5
0.5
T E(S) =-0.5(log; 0.5 - log, 0.5)

E(S)=1

Calculating Entropy

1 E(S) = -P(Yes) log, P(Yes)
When P(Yes) = 1 ie YES = Total Sample(S)
E(S) =1 log, 1

E(S) =0
So.s5
=
E(S) = -P(No) log, P(No)
When P(No) = 1 ie No = Total Sample(S)
(0] E(S)=1 log, 1
o 1

0.5
PrxX=1) E(S)=0
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Terminology and Technique Associated with Random Forest

Bagging

Ensemble methods, combine several base models in order to produce one optimal predictive model
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Random Forest Is Extension Of Bagging Where Selection Of Feature Columns At Each Split Is
Randomly Choosen
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Random Forest
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The term estimators are number of decision trees used in random forest model, where random
forest is aggregate of decision for all decision trees with features choosen randomly at each split.

Theory and Technique of Naive Bayes

Understanding Conditional Probability ’

Define 2 events...
= EventAis the probability of the event we're trying to calculate
= Event B is the condition that we know or the event that has

happened

Conditional Probability : P(A|B) ,
The probability of the occurrence of event A given that B ha

already happened

(ﬂ) _P(A N B) _ Probability of the occurence of both A and B
B pB) Probability of B
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Understanding Bayes Theorem i
Lets see HOW! — Proof of Bayes Theorem,

P (ANB)

Naive Bayes P

Classifier P (anB)
P () =0

P(ANB)=P () * P (B) =P (Z) * P (A)

A 4 P(B)
PE)=P(3)* s

- Bayes Theorem

Theory and Technique of Support Vector Machine

Working Mechanism of SVM

Support Vector Machine separates data using hyperplanes

Support Vectors are basically the two nearest data points to the
hyperplane
The optimal hyper-plane would have the maximum distance betwee

the support vectors

U n d e rsta n di n g - This distance between the support vectors is known as margin
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SVM for non-linear data

P
E SVM uses Kernel function to transform 2D non-linear data to higher dimensions
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Different Kernel Functions

Concept of Xgboost Technique
Cache awareness and Regularization for
out-of-core computing avoiding overfitting
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capability
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Hyper Parameter Tuning (Grid Search Cv In Random Forest Classifier)

In this paper, lastly we used hyper parameter tuning in random forest classifier to get more
accurate result. The hyper parameter used here is “Grid Search CV”.

RESEARCH GAP

This procedure is based on analytical study ,simultaneously by most of machine learning
models under supervised learning with a comparison between these as well as obtaining updated score
card ,to observe performance report at each step which is at a time getting output as well as cross
verification .Generally this is somehow different from conventional machine learning technique by a
particular suitable model evaluation .Moreover dealing with historical big data also helped to understand
the trend for prediction of output .

Research Questions/Hypothesis

During building each model, using train-test split formula ,fit the train data and while obtaining
prediction for test data , we assumed that the predicted weather will be clear, which is null hypothesis
.After obtaining result by each model, if we could not prove the alternative, then we could not reject the
null hypothesis. In this case always we failed to reject the null hypothesis.

Methods
o Importing Adequate Machine Learning Libraries under Machine Learning Scikit Learn

Imported numpy, panda, seaborn, matplotlib, followed by extraction of big csv data,two csv files
as obtained for parameters as on TAB2,TAB3 consisting with surface observational data ,collected from
online data collection platform of IMD PUNE. Merged these two csv files into one with most relevant
observational data necessary for analysis, then uploaded this file on the content folder of google collab
and extracted this by python code.

T Type of weather in code
Code Weather Code Weather Code Weather Code Weather
0 Lightning 1  Haze 7 Mist 3 ﬂ Dust
4 Fog 3 Drizzle L Rain [ Squall
8 Gale 3 1'::::-&1 J 5Ht:I-|I'm K Dust fog
L f'::fa“ M ﬁ'c_::“d N  Dew 0 Snowlslest

Time of commencement of weather [If cne weather phenomenon has cccured more

G than once in a day then first time of its commencement is reported).
Code Time between hours 15T Code Time between hours IST
1 00 to 0300 3 12 to 1500
2 0301 to 0E00 6 13 to 1800
3 0601 to DH00 T 180 to 2100
4 0901 to 1200 8 2101 to 2400

Duration in minutes wpto 804 minutes. For duration more than 804, value is rounded off
DUR to the nearest tens of minutes and 800 is added and the resulting value is entered. e.g.
if duration is 347 minutes then it is entered as : 895 e, 95 + BO0.

Figure 1: TAB2,TAB3
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File Edit view Insert Runtime Tools Help Lastsaved at2:33AM
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+ Code + Text Connect ‘ + Gemini ‘ ~

4~¢c—:¢'@lﬁli[

import pandas as pd
{x} import numpy as np
import seaborn as sns
o import matplotlib.pyplot as plt
import warnings
warnings.filteruarnings("ignore’)
O
[ 1 data-pd.read_csv(r’/content/42867 Table 2 Daily NDCQ-2624-66-192-CGMBINED.csv') ¥ sep-seprator
data
E34 INDEX VEAR MN DT MAX MIN AW RF SSH T1 ... MSLP DET WBT DPT RH W DD W Cl A
0 42807 1969 1 1 253 109 3 00 94 1 10142 176 140 110 650 3% 9%0 0 0
1 42807 1969 1 2 267 127 2 00 64 4 .. 10144 168 150 136 820 23 930 0 0
<> 2 42807 1969 1 3 285 142 1 00 T 4 10154 182 154 133 730 34 950 0 0
= 3 42807 1969 1 4 282 141 2 00 91 4 10169 208 158 119 57.0 23 950 0 0
4 42807 1969 1 5 274 126 3 00 8 . 10176 19.0 130 7.2 460 32 %60 0 0
(=]

22:40

QO Type here to search 2 “ O ® E D o B

Figure 2: Import library and upload csv weather data

Understanding Data and Feature Engineering

Understanding shape of data, merged year, month, date column as well as made the date
column into date-time format ,checked whether there was any null values or duplicate values to avoid
bias in output. Deleted null and duplicate records .Encoded a new dependent output variable ‘T’,which
represented the weather event ,significant as ‘1’ and clear as ‘0’. Dropped the original weather columns.
Understanding type of data. Listing of columns, Understanding statistics of data, value count of ‘T’
variable.

dat 1:15AM

ile Edit View Insert Runtime Tools Help Las

lode + Text

19941 42807 2023 11 30 281 209 1 00 1 1 NaN NaN MNaN NaN NaN NaN NaN NaN NaN Na

19942 rows x 24 columns

] data.shape

»v (19942, 24)
] data["Date"] = pd.to_datetime(data["YEAR"].map(str) + "/" + data["MN"].map(str) + "/" + data["DT"].map(str))

] data[ 'Date’].drop_duplicates()

r Date
0 1969-01-01
1 1969-01-02

2 1969-01-03

3 1969-01-04

Figure 3: Understanding shape of data, formatting date field, drop duplicate records
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Figure 5: Encoding weather variable by lambda

data['T'J]=data[ T1']+data[ 'T2'J+data[ T3 ]Jsdata[ ' T4"]

data['T'] = data.apply(lambda row: “SIGNIFICANT WEATHER" if (row[ 'T1 ]=="SIGNIFICANT WEATHER") or
(row["T2"] "SIGNIFICANT WEATHER"”) or (row['T3']=="SIGNIFICANT WEATHER™)
or (row[ "T4']=="SIGNIFICANT WEATHER") else "CLEAR", axis=1)

data = data.drop( T1',axis=1)
data = data.drop( T2',axis=1)
data = data.drop( T3’ ,axis=1)
data = data.drop( T4’ ,axis=1)

Figure 6: Encoding new weather variable ‘T’ by lambda and drop original weather
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data = data.drop('T4',axis=1)

filter=data['T']== "SIGNIFICANT WEATHER"

filter new=data[filter]
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Figure 7: Filtering new weather variable ‘T’ for significant weather

col
3% ['INDEX',
"VEAR',
MM,
DT,
"MAX ',
"MIN',
AN,
'RF’,
"SSH',
'SLP',
"MSLP',
'DBT',
"WBT ',
'DPT’,
"RH",
WP,

col=1ist(data.columns)

Figure 8: List columns
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File Edit View Insert Runtime Tools Help La ved at 1:15AM
«— +Code + Text Connect » 4 Gemini A
19570 42807 2022 10 24 318 229 3 23 08 10024 274 265 840 346 18 960 5 3 2022-10-24 SIGNIFICANT WEATHER
Q 8326 rows x 22 columns
)
[ 1 data.info()
(o]

=¥ <class 'pandas.core.frame.DataFrame’>
Index: 19577 entries, @ to 19634
D Data columns (total 22 columns):
# Column Non-Null Count Dtype
8 INDEX 19577 non-null int64
1 YEAR 19577 non-null int64
2 MM 19577 non-null int64
3 01 19577 non-null intéd
4 MAX 19577 non-null float64
5 MIN 19577 non-null floated
6
7
8

A 19577 non-null object

RF 19577 non-null floate4

{y SSH 19577 non-null object
g SLP 19577 non-null object

1a MSLP 19577 non-null floatéd

E 11 DBT 19577 non-null float64
12 WBT 19577 non-null float64

= 13 DPT 19577 non-null floated
14 RH 19577 non-null floate4

Figure 9: Information of data required for analysis and label encoding

«ctual ALIPORE data (1969-2023)logistic regression paper for flyer curtain raise visag B comment &, Share
-

Edit View Insert Runtime Tools Help Lastsavedatl

: 4 Text Connect +

data.describe()

INDEX YEAR MN DT MAX MIN RF MsLP DBT WBT DPT

count 19577.0 19577.000000 19577.000000 19577.000000 19577.000000 19577.000000 19577.000000 18577.000000 19577.000000 19577.000000 19577.000000

mean 428070 1995596772 6.517189 15.722891 31.691802 22618036 4961353 1008910390 26.283251 23.256985 21.606988

min  42807.0  1969.000000 1.000000 1.000000 15.100000 7.400000 0.000000 0.000000 10.800000 8.800000 -27.100000

25% 42807.0 1982.000000 4.000000 8.000000 29.300000 18.900000 0.000000  1004.100000 22.800000 19.400000 17.300000

50% 42807.0 1996.000000 7.000000 16.000000 32.200000 24.600000 0.000000  1009.600000 27.800000 25400000 24100000

75% 428070  2009.000000 10.000000 23.000000 34300000 26.500000 1.700000  1015.100000 30.000000 27.000000 26.000000

max 42807.0 2022.000000 12.000000 31.000000 43.500000 34000000  369.600000  1023.500000 38.000000 31.000000 29.800000

std 0.0 15.540213 3445119 8.792100 3.702665 4999227 14.565548 22613258 4804635 4785817 5.594755

Figure 10: data describe to understand statistical significance of the data
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CLEAR

11251

SIGNIFICANT WEATHER 8326

dtype: int64

[ ] data['T']=np.where(data['T']=="SIGNIFICANT WEATHER ,1,8)

data[ 'T"].dtype

= ditype('int6d')

° data[ 'T"].value_counts()

T

1

count

11231

8326

dtype: int64

Figure 11: value count of how many records having significant weather and how many clear
IV Method

Information value method to find out the score of each object variable and to discard that object
type variables with iv score less than 0.02. Thus obtained the columns with high scores ,and then these
subjected to analysis . The range is as follows : less than (<) 0.02 is useless 0.02 to 0.1 weak
predictors, 0.1 to 0.3 medium predictors, 0.3 to 0.5 strong predictors.0.5 suspicious. In our case we
after IV analysis ,discarded the column “DD” and ‘A’ where ‘DD’ is wind direction and ‘A’ is amount of low
cloud in octas.

~

{x}
ez

B

<>
=
&3

4
H L Type here to search ‘*a

(’ def calculate woe_iv(dataset, feature, target):

1st = []
for i in vange(dataset[feature].nunique())4
val = list(dataset[feature].unique())[i]
1st.append({
'Value': val,
'All': dataset[dataset[feature] == val].count()[feature],
'Good': dataset[(dataset[feature] == val) & (dataset[target] == 1)].count()[feature],
'Bad': dataset[(dataset[feature] == val) & (dataset[target] == 0)].count()[feature]

dset = pd.DataFrame(lst)

dset['Distr_Good'] = dset['Good'] / dset['Good'].sum()
dset['Distr_Bad'] = dset['Bad'] / dset['Bad’'].sum()

dset['WoE'] = np.log(dset[’'Distr_Good'] / dset['Distr_Bad'])

dset = dset.replace({'WoE': {np.inf: @, -np.inf: 8}})

dset['IV'] = (dset[’'Distr_Good'] - dset['Distr_Bad']) * dset['WoE']
iv = dset['IV'].sum()

dset = dset.sort_values(by="WoE")

Figure 12: IV method
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at_new = pd.concat(|dt_new, df_new_Z]|, 1gnore_index=Irue)

Q df_new
- Feature IV-Score
{x}
0 AW 0.263037
O 1 SSH  0.758800
2 SLP 0.135565
B
3 VP 0.131694
4 DD 0.043778
5 Cl 0.108874
6 A 0.053993

Figure 13: IV score
File Edit View Insert Runtime Tools Help Lastsaved at 10:32AM

Code + Text
L Ly vusarro
5 Cl 0108874
6 A 0.053993

52] data.drop(columns=['DD", 'A"],inplace=True)

53] data.columns

S+ Index(['INDEX', 'YEAR', 'MN', 'DT', 'MAX', 'MIN', 'AW', 'RF', 'SSH', 'SLP’,
'MSLP', 'DBT', 'WBT', 'DPT", "RH", 'VP', W', 'Cl', 'Date’, 'T'],
dtype="object’)

54] data.dtypes

Figure 14: Drop the columns with very low IV scores
One Hot Encoding Method and Label Encoding and VIF Method

Now started method one hot encoding and label encoding to convert the string type variable as
numeric for compatibility of execution. Then VIF method to remove multi collinearity factor.
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Actual ALIPORE data (1969-2023)logistic regression

141

B comment
Edit View Insert Runtime Tools Help Lastsaved at 10:32AM
e+ Text v P;'k_
19633 42807 2022 12 26 287 203 4 00 54 10151 10158 230 206 192 79.0 222 960 0 202211226 O
19634 42807 2022 12 27 289 207 3 00 67 10157 10164 236 214 202 810 237 960 0 20221227 0
19577 rows = 20 columns
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64] #label encoder
from sklearn.preprocessing import LabelEncoder
labelencoder=LabelEncoder()
o for i in col list:
data[i]=1abelencoder.fit_transform(data[i])
| +c¢

66] data.head()

Figure 16: Label encoding

As date and time does not have any role now, already duplicate record have been deleted
,these columns can be omitted now .VIF process done repeatedly to remove multi collinearity factor with
dropping of column having highest VIF value after each execution. Ultimately obtained the columns with

VIF value 6 or less than that.
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data.drop(columns=[ 'Date’, "INDEX", "YEAR','MN', 'DT'],inplace=True)

#vif
from statsmodels.stats.outliers_influence import variance_inflation_factor

col_list=[]
for col in data.columns:

if ((data[col].dtype!="object')&(col!="T")):

col_list.append(col)

X=data[col_list]
vif_data=pd.DataFrame()
vif_data[ 'Feature']=X.columns
vif_data[ 'VIF']=[variance_inflation_factor(X.values,i) for i in range(len(X.columns))]
vif_data

Feature VIF
0 MAX  231.067895

1 TAIN RO TRA1RA

Figure 17: Drop date, index, year, month,dt column and VIF method

tor col in data.columns:
if ((data[col].dtype!="object’)&(col!="T")):
col list.append(col)

X=data[col_list]
vif data=pd.DataFrame()
vif data[ 'Feature']=X.columns
vif data[ 'VIF']=[variance inflation factor(X.values,i) for i in range(len(

(X.columns) )]
vif_data

Feature VIF
0 AW 3613193
1 RF 1174193

2 SSH 2335474
3 SLP 2.528825
4 VP 6272426

5 Cl 4445478

Figure 18: VIF last level score
Machine Learning Models

In this section starting of different machine learning models to predict probable weather with the
same process of train-test split, fit the model for training set, input value from outside in test data and
predict output weather for this particular model.
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from sklearn.preprocessing import StandardScaler
sc=5tandardscaler()

o) x_train=sc.fit_transform(x_train)
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[ from sklearn.linear_model import LogisticRegression

Ir=LogisticRegression()
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y_pred=1r.predict(x_test)

from sklearn.metrics import accuracy_score,classification_report

[ 1 accuracy score(y test,y pred)
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[ 1 model=LogisticRegression{)
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Figure 19: Machine Learning by Logistic Model
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Figure 20: Input data for testing and prediction as well as check success rate of model
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Figure 21: Checking of classification report, confusion matrix
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(o) global score_card
D score_card = score_card.append({ 'Model’: model name, Accuracy Score':accuracy_score(y_test, y pred)},ignore_index = True)

return(score_card)

import pandas as pd
from sklearn.metrics import accuracy_score

score_card = pd.DataFrame(columns=['Model’, "Accuracy Score']) # Initialize score_card if it doesn't exist

def update_score_card(model name, y test, y_pred):
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Updates the score card with the given model’s accuracy.
= global score_card

new_row = pd.DataFrame({ Model': [model name],’Accuracy Score': [accuracy score(y_test, y pred)]})
[Em] score_card = pd.concat([score_card, new_row], ignore index=True)
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Figure 22: Score card for logistic regression
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Figure 23: Update score card for logistic regression, input test data and predict weather for
logistic regression model

Same procedure as for logistic model, continued for each model, one by one along with update
score card for execution of each model. After logistic regression, we started execution by decision tree
classifier with the same method, input test data, update score card for decision tree and predict weather
for this model of decision tree classifier.

Decision Tree Classifier

Same procedure as for logistic model, continued for each model, one by one along with update
score card for execution of each model.
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Figure 24: Import decision tree classifier, fit train data, print classification report, accuracy score
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Figure 25: Update score card after execution of decision tree model with input test data and
predict weather for this model
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Figure 26: Import Random forest classifier, fit train data, print classification report, accuracy
score
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Update Score Card By Random Forest Classifier, Input Test Data And Predict Weather After
Execution Of Random Forest Classifier
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Figure 27: Update score card after execution of Random forest classifier model with input test
data and predict weather for this model

After Prediction Probable Weather by Random Forest Model ,Import Model Naive Bayes
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Figure 28: Import Naive Bayes, fit the train data
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Find Accuracy Score, Classification Report, Update Score Card with Naive Bayes
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Figure 29: Find accuracy score, classification report with respect to Naive Bayes

Input Test Data and Predict Weather by Naive Bayes
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Figure 30: Input test data for prediction on test data for Naive Bayes as well as print updated
score card with respect to Naive Bayes
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Import support vector machine, find accuracy sore,print classification report ,update score card
with support vector machine(Svm)
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Figure 31: Import Support vector, find accuracy score, classification report and update score card
Input Test Data and Predict Weather by SVM, Then Import Xgboost Classifier to Start Analysis
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Figure 32: Input test data in support vector machine, predict model accuracy, import XGBOOST
classifier
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Find Accuracy Score, Classification Report for Xgboost and Update Score Card
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Figure 33: Predict model accuracy, print classification report , update score card for SVM
Hyperparameter Tuning on Random Classifier using Gridsearch CV Hyperparameter
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Q from sklearn.model_selection import GridSearchcV

# Import library of RandomForestClassifier model
[x] from sklearn.ensemble import RandomForestClassifier
(o) # Create a Random Forest Classifier

rf = RandomForestClassifier()

# Hyperparameter Optimization

parameters = {'n_estimators': [4, 6, 9, 18, 15],
‘max_features': ['log2’, 'sqrt’,'auto'],
‘criterion’: ['entropy’, 'gini’],
‘max_depth’: [2, 3, 5, 18],
'min_samples_split': [2, 3, 5],
‘min_samples_leaf': [1, 5, 8]

¥

# Run the grid search
<« grid_obj = GridSearchCV(rf, parameters)
grid_obj = grid obj.fit(x_train, y_train)

# Set the rf to the best combination of parameters
B rf = grid obj.best _estimator_
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Figure 34: Hyper Parameter tuning using Grid search CV
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Model Fit on Train Data Set, Find Round Off Accuracy of Model, Prediction on Test Data Set

v & Home - Google Drive X €O CCSEAIALIPORE data (1969-20 X + - X
C % colabresearch.google.com/drive/1g4tHQgxz2T rgélLfaRDrhK2myLLLnvT % O & @ o
22 | M Gmail H Bookmarks G M SentMail - sumana.... Tata Photon Yzhoo PayUMoney @i Welcome to Indian..  §® Mational Train Enqui.. % Train Time Table 20.. [ BED Bag to Dum D... »
&  Google Chrome isn't your default browser x
& _ . . .
co CCSEAI ALIPORE data (1969-2023)multi machine learning B ® 2 swee @
File Edit View Insert Runtime Tools Help Lastedited T 26
Connect  ~ + Gemini ~

+ Code + Text

rf.fit(x_train,y_train)

— - RandomForestClassifier

RandomForestClassifier(max_depth-1, min_samples_leaf-3, min_samples_split=5,|
n_estimators=15)

)

(o)
o [ 1 #Prediction on test data
y_pred = rf.predict(x_test)
# Calculating the accuracy
acc_rf = round(accuracy_score(y_test, y_pred) * 188 , 2 )
print( "Accuracy of Random Forest model : °, acc_rf )
5% Accuracy of Random Forest model : 88.62

[ 1 test data = {
= ‘AW': 18,°RF': 0.0, 'SSH':120,
'SLP': 135,'WP': @,'Cl": 1

parameter tuning
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Figure 36: Predict model with random score with hyper parameter tuning and check score card
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Q [ 1 accuracy score(y_test,y_pred)
(=) S 0.8061707752808989
[ [ 1 print(classification_report(y_test,y pred))
=] 5= precision  recall fl-score support
o 0.80 0.89 0.84 2296
1 0.62 0.69 0.75 1620
accuracy 0.81 3916
macro avg 0.81 0.79 0.79 2016
weighted avg 0.81 0.81 0.80 3916
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Figure 37: Print accuracy score, classification report with random forest hyper tuning
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Conclusion

This paper is done by machine learning method with comparison between several supervised
models. In future other ML techniques such as weather prediction by neural network etc. may be tried
also.
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