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Abstract

Floods are among the most destructive, most devastating natural disasters complex to model. Research into the
development of flood prediction models contribute to risk reduction, policy proposals, minimize loss of human life,
and to reduce flood damage. Imitation of complexity statistical discourses on flood processes, over the past two
decades, through this research it is aimed to analyze rainfall and historic flood data of Kerala. We will use different
ML models to predict floods and also compare the accuracy of these models. The different classifiers which are used
in this project are: - GaussianNB, Random Forest, Logistic Regression, Decision Tree, LGBM, XG Boost. A comparison
of these models is studied and found that LGBM is the ideal model for the prediction in terms of classification. The
rainfall prediction accuracy is 70.98%, and the false predictionof droughts and floods is the lowest, 8% and 4%.
Classification model Light Gradient Boost Machine is applied on the flood dataset of the state Kerala and obtained
an accuracy of 88% with high recall of 90.5% indicating that there are less false negative cases.
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1. INTRODUCTION

Flooding is one of the most common natural
disasters on the planet and causes catastrophic
consequences. The formation of a flood is closely
related to the rainfall intensity, climatic
conditions, topographical characteristics, human
activities, and drainage conditions of the area.
Floods often occur in small, remote, and
mountainous basins. They strike quickly with
little orno warning, which causes or threatens
serious disruption of life and property including
death and injury to an oversized number of
individuals, and requires therefore, mobilization
of efforts in way over that which are normally
provided by statutory emergency services.
Flooding hasimmediate consequences such as
loss of life, property damage, crop devastation,
livestock loss, and worsening of health due to
waterborne infections. Floods can also
traumatize victims and their families for long
periods of time. States like Bihar, Uttarakhand
observe floods very frequently. According to
statistics, every time a flood occurs, there is a
significant loss of life and property. According to

our observation the stats for loss have decreased
subsequently in the 21st Century due to
various Machine learning models and flood
prediction but as much as we have seen we have
observed that all models use rainfall analysis for
flood prediction which are not very accurate we
are willing to use some of the other parameters
to predict the upcoming flood according to
availability of dataset of major rivers. This will
help in more accurate flood prediction June 2013
North Indian floods Heavy rain due to a burst of
acloud caused severe floods and landslides in the
North Indian states, mainly Uttarakhand and
nearby states. More than 5,700 people were
presumed dead [12]. Floods like these are rare
but very dangerous; these cannot be predicted;
they are basically flash floods. But using flood
runoff data on time series analysis may help in
predicting the danger zone during the expected
time of the year. There are several ways to
predict or reduce the risks using artificial
intelligence, machinelearning, and deep learning.
By utilizing this method at the moment, it
facilitates tasks in visualizing, analyzing, and
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predicting natural floods.

The objectives of this research are: -

* To be able to see and visualize the historical
trends of annual rainfall.

* To analyze the flood trends in Kerala

* To know any possibility of flood due to heavy
rainfall in the near future.

2. LITERATURE REVIEW

A real-time flood disaster prediction system is
proposed [1] with the help of machine learning
techniques. The basic framework of the flood-
based real-time forecast model proposed for this
project is based on the relationship between the
accumulating rainfall and the accumulated
volume represented by the ambiguous model.
But after using LHS and PNN he realized that it is
difficult to provide real-time information on
flood-prone urban areas. Floods are the foremost
calamitous natural disasters as informed in [2],
which are strenuous to model, where Machine
Learning models were toughstone through the
chemical analysis of sapness, accuracy, effective-
ness, and speed are particularly the most
investigated to produce an in-depth overview on
assorted ML algorithms utilized in the domain.
The performance comparison of Machine-
learning models presents an in-depth
understanding of various techniques within the
framework of global evaluation by using Deep-
Learning, Artificial Neural -Networks (ANNs),
Multilayer-Perceptron (MLP), Adaptive Neuro-
Fuzzy Inference System (ANFIS). We concluded
that it compares all the DL and ML algorithms to
conclude that which of the following is the best
algorithm technique, best of them are Artificial
Neural Networks with an accuracy of 90 to 95.
Development of a method for flood detection
based on Sentinel images and classifier is
proposed [3]. The basis of the proposed route is
based on the threshold. Thus,gamma PDF is used
to select two thresholds in a SAR image. An
object-based classification (OBC) has been
implemented. A fast ICA algorithm was
implemented which is not only efficient in the
speckle reduction and keeping the details, but
also very fast.

Flood susceptibility modelling is introduced [4]
using advanced ensemble machine learning
models. The five machine learning models, such

as ANN, SVM, RF, subspace random, and
Dagging, were employed to compute the maps
of floodsusceptibility for each pixel in the basin.

Efficient rainfall prediction and analysis was
worked on [5] using Machine Learning
Techniques. The proposed system forecasts
rainfall with two machinelearning techniques:
logistic regression and random forest, for a more
precise solution. The results reveal that the
characterization procedures used worked well
for the no-downpourclass but not so well for the
downpour class.

Idea of urban flood prediction was worked on [6]
using machine Learning and GIS. The GIS
model was able to adjust the sensitivity of the
predictions obtained fromthe ML model based
on the hot spots observed in the history. The
project methodology was structured in
accordance with the Cross Industry Standard
Process for Data Mining (CRISP-DM).

A model for evaluation of a global ensemble flood
predictionsystem was prepared [7] in Peru. This
study presents a test framework, in which the
Global Flood Awareness System (GloFAS)
capabilities are tested in Peru in 2009-2015. The
simulated GloFAS release compared to the
visibility of 10 river scales. The results of post-
processing forecasts show a decrease in
variability. Similar to immature predictions, skill
scores indicate that performancedecreases with
LT growth.

A flood susceptibility modelling is proposed [8]
using advanced ensemble machine learning
models based on concerns mentioned above, the
main aim of the present study was to investigate
and compare the ANN, SVM, RF, RS, and Dagging
model’s ability to predict flood susceptibility
maps. In the case of Dagging model, the smallest
area percentage (14.03%) comes under the very
high class, followed by low (14.89%), high
(15.61%), moderate (23.78%), and very low
31%, 70%, 42% classes.

A hybrid model is proposed [9] for fast and
probabilistic urban pluvial flood prediction this
technique is based on the characteristics of
these sub catchments, lumped conceptual
models were employed to simulate the
hydrological responses of the sub catchments for
given rainfall events. Flood warning issued for
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probabilities above 0.5 achieved a balanced
accuracy of approximately 86%.

A rainfall forecasting model is proposed [10]
using machine learning methods. His forecasting
model uses four different ML algorithms, which
are BayesianLinear Regression (BLR), Boosted
Decision Tree Regression (BDTR), Decision
Forest Regression (DFR) and Neural Network
Regression (NNR). He used two methods
forecasting with the help of auto correlation,
Forecasting using projected errors.

A new approach for the prediction is proposed
[11] of water level in association with flood
severity using the ensemble model uses the latest
breakthroughs in the Internet of Things (IoT)
and machine learning to automate flood data
processing, which could be valuable in
preventing natural disasters .His results
indicated that early warning of flood severity can
be obtained using appropriate ensemble
machine learning based data science techniques
thus he tried to propose loT-enabled Flood
Severity Prediction via Ensemble Machine
Learning .

3. SYSTEM ARCHITECTURE AND METHODOLOGY
System architecture contains the steps involved
in the workflow of research. The first step is to
collect the data, data can be collected via
secondary and primary sources. Data is collected
from secondary data source which is the pre
trained dataset. Then data analysis is applied to
find the missing values if found then fill them.
After that data exploratory analysis is done to
analyze dataset. Here we plot different graphs
such as boxplot, bar plot, gg-plot, re-plot,
heatmap are plotted to analyze the trend our
data. On the basis of the analysis, we conclude the
further working steps. First seasonality is
checked and then analysis of deseasonalized
monthly and seasonal data is done which
indicated that the seasonality is there, but it is
random. In the end comparison of different
classification models for flood analysis is done to
find the best model. Different regression
models are also compared for rainfall
analysis. Then the best classification model is
applied on flood dataset and check the accuracy
of the result.

Fig 3.1 workflow of research

3.1 Dataset

Lumns
Ikerala-Rainfall-Historical csv')

print (df.uh.lﬁv)
df head()

(117, 19)

SUBOMSION YEAR JAN FEB MAR APR MAY JUN JUL AUG SEP OCT NOV DEC ANNUAL JF MAM JJAS OND

0 Kerala 1601 287 447 516 1600 1747 6246 7430 3675 (017 269 3508 484 30486 134 362 2128 w661
1 Kerala 12 67 26 513 639 135 3009 12050 3156 4916 304 1583 115 3066 93 T 034 6382
? Kerala 1903 32 186 31 636 2407 G686 10225 402 W18 341 1570 500 M2 A7 33 28430 01
3 Keals 1904 237 30 322 715 2357 10682 7265 3518 2227 281 39 33 AT 7 394 282 353
¢ Keesls 1905 12 223 04 1059 2633 6502 6205 2606 2072 3835 744 02 27416 234 785 16815 4581

Fig 3.2 Dataset

Monthly rainfall for the Indian state of Kerala
from 1901 to 2017 [14]. For each year,monthly
rainfall is shown in each column. There is also an
annual rainfall column.

3.2 Removing null values

oview whether there is a wissing value
wsno.matrix(dF)
plt . show()

.
r &
) P N Ny

Type Morkdown and LaTex: a®

Thers Is o missing value In this dataset

Fig 3.3: Removing null values

elSSN 1303-5150

WWW.neuroquantology.com

1692



Neuro Quantology | August 2022 | Volume 20 | Issue 9 | Page 1690-1696 | doi: 10.14704/nq.2022.20.9.NQ44194
Dr. Shikha Chadha, Ms. Rosey Chauhan, Ms. Neha Gupta, Flood Prediction And Rainfall Analysis Using LightGradient Boosted Machine

3.2.1 Distribution of Rainfall and Regression

508, 80t_context(“notebook")

plt.stylo.use('ggplot')

plt.subplots(figsizes(16, 8))

presns, repplot (datazf season, x='YEAR', y'AWNAL', orders1, ci=05, labels'Anoual',
markers'0", scatter kuss colors"black')

gassns.rogplot (dataedf_season, xa'YEAK
markers'o", scatter_kwss

Ldasns, regplot(datasdf_season, xe'ViAR',
markers'o', scatter kwsz('s':10}, colors"

Gaasns.rogplot(datasdf_season, xe'VEAR', ye')JAS', orderel, c1x05, labels'Jun-Sep',
mrkers'o', scatter |

oasns, regplot (datazdf _season, x='viAr
markers'o', scatter, kwsz

fh.set_title("nistribution of Kerala's an

gl set(xlabels'Year', ylabela'precipitation (mms)')

plt.xticks(rotation=0)

plt.legend()

05, 56t_context("paper”)

plt.show()

labole'Jan-Feb',

, Jabels"mar-May',

Oistribution of Kerala's Aaintall and the Regression

Fig 3.4: Distribution of Rainfall and Regression

Dispersion of the data points from the regression
line varies therefore there is more variance in the
dataset hence there is a seasonality with a
possibility of many outliners and we can see a
trend of decreasing rainfall annually.

3.2.2 Checking for Seasonality

sns.relplot(data=df sorted[-240:], x="date’, y='mms’, kind='line’, height=4, aspect=1)
plt.title("kerala Rainfall (1998-2017)", fontsize=16)

plt.xlabel('vear’, fontsize=16)

plt.ylabel('Rainfall (mms)', fontsize=16)

plt.xticks(rotation=0)

plt.yticks(rotation=0)
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This line piot shows the rainfall in Kerala from 1998 to 2017. It seems the precipitation increases up and down periodically every year.

Fig 3.5 Checking for Seasonality

Above graph shows us that our dataset is
periodic with crest and drought in certain
months

3.2.3 Seasonal Analysis of Monthly Data

plt. legend()
plt.show()

Actual and Deseasonalized Rainfall (1998-2017)
— Actual Ratall
Deseasonal

= Moving Average

nt y numbers go smoothly.

df_sorted['period'] = df_sorted.index + 1

X_train = df_sorted['period’]

y_train = df_sorted[ mms"

X_train = sm.add_constant(X_train)

olsreg = sm.OLS(y_train, X_train)

olsreg = olsreg. fit()

print(‘original Rainfall')

print(‘Intercept: (}, Coefficient: (}'.format(olsreg.params[©], olsreg.params(1]))
print(‘R-Squared: ', olsreg.rsquared)

original Rainfall
Intercept: 257.92735438711924, Coefficient: -0.021455734565719836
R-Squared: ©.0011508387916198126

X_train = df_sorted[ 'period’]
y_train = df_sorted[’deseasonal ‘]
X_train = sm.add_constant(X_train)
olsreg = sm.OLS(y_train, X_train)
olsreg = olsreg.fit()

o alized Rainfall')

t: (}, Coefficient: (})'.format(olsreg.params(0], olsreg.params(1]))

print('R-Squared:*, olsreg.rsquared)
print(olsreg. summary())

Deseasonalized Rainfall
Intercept: 264,4360132473951, Coefficient: -0.0307920960935075
R-Squared: 0.005512372162586376

Fig 3.5 Seasonal Analysis of Monthly Data

The moving average numbers go smoothly and
the deseasonalized rainfall has many outliners.
The R-Squared number only increases by 0.6%
and the deseasonalized r-squared number is
0.006 which tells our prediction will be
imprecise to be useful.

Fig 3.6: Deseasonalized rainfall

The moving average numbers go smoothly and
the deseasonalized rainfall has many outliners.
The R-Squared number only increases by 0.15%
and the deseasonalized r-squared number is
0.015 which tells our prediction will be
imprecise to be useful. Hence our data is seasonal
but cannot be calculated using a factor.
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4. Comparison of Classification Machine
Learning Models

bar_x = ['GaussianNB', 'Random Forest’, 'Logistic Regression’,
s LGBM', "XGBoost']

gnb, accuracy_rf, accuracy.lr, accuracy_dt, accuracy_lgb, accuracy.xgb]

hum, 4) for num in bar_y]

son between Models',

e}, height=500)
fig.update.layout(title_x=8.5)
f1g.show()

Accuracy Comparison between Models

color

0.5086

0.6

Accuracy Score

¥
Ge,
%03,

Fig: 3.7

Despite LGBM and XGBoost, the accuracy of
GaussianNB and Random Forest appears to be
acceptable on this bar chart. Despite this, LGBM
has the greatest accuracy rating [15], with a
score of 70.98 percent. It's possible that it's the
basis for this Kerala rainfall forecast. The
confusion matrix will be reviewed in the
following section of this analysis, and the best
answer will bechosen.

False Prediction of Droughts and Floods (The Lower, The Better)

ooe
P Faise Precction of Drovghts
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&
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01
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o0
0.0% [ 1
Machine Learning Modals

Fig: 3.8

The bar chart shows that LGBM still has the
lowest chance of being wrong about natural

disasters [16]. LGBM should be the solution for
this classification analysis, which is an
encouraging result.

5.Comparison of regression machine
learning models

MAE and RMSE to Evaluate the Prediction (The Lower, The Better)

REMES s
125,03 1 Ere) (EeT .

wous P fopey sa o8 oL

Fig: 3.9

Despite XGBregressor's superiority, the Ridge
may be the second-best option due to its lower
MAE and RMSE [17]. The coefficients in the Ridge
model also show a steadily decreasing slope in
the previous section. As a result, Ridge is
regarded as an appropriate regression model for
predicting rainfall in Kerala in this study.

6. Applying LGBM on flood data

import lightgbm as lgb

model = 1gb.LGBMClassifier(learning_rate=0.35,max_depth=-5,randon_state=42)
zzmodel . fit(x_train,y train,eval set=[(x test,y test),(x train,y train)],
verbose=20,eval metric="logloss")

(20)  training's binary logloss: 0,104713  valid @'s binary logloss: 0.380188
[40)  training's binary logloss: 0.0236525  valid @'s binary logloss: 0.351076
[66]  training's binary logloss: .00656326 valid 0's binary logloss: 0.379676
[80]  training's binary_logloss: 0.00186193 valid 0's binary_logloss: 0.402474
[100) training's binary logloss: ©.000565759 valid @'s binary logloss: 0.484752

print('Training accuracy (:.4f}'.format(model.score(x_train,y train)))
print('Testing accuracy {:.4f}'.format(model,score(x_test,y test)))

Training accuracy 1,0000
Testing accuracy 0.8750

Fig: 3.10
Accuracy -88%
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7.RESULTS

from sklearn import metrics
motrics.plot_confusion_matrix(model,x_test,y test,cmaps'olues r')

aakloarn.motrics, plot,confusion mateix.ConfusionMateixnisplay at Ox24ded7at610>

7
4
1 .
1
Preductod bel

print(metrics.classification report(y _test,model.predict(x_test)))
precision recall fi-score  support
] 1,00 0,81 0,90 16
1 0.73 1,00 0.84 8
accuracy 0,88 24
macro avg 0,80 0,91 0.87 24
welghted avg 0.9 0,88 0,88 24

Fig: 3.11

Model accuracy is 88% and recall is 90.5%. This
indicates that there are less false negativecases.

8. PERFORMANCE EVALUATION
The goal of this study is to choose a rainfall
forecasting prediction model. Because Kerala
sends a significant amount of agricultural
products to India [18], this analysis focuses on
maximizing production while minimizing the
risks of natural disasters.

In general, predicting seasonal factors would
yield good results if the issue had regular
seasonal factors, such as a retailer's sales[19].
However, when using the seasonal factor
technique, the results appear to be poor due to
the presence of too many outliers. The R-squared
scores are too low to effectively predict rainfall.
As a result, the next stage is to switch to a
machine learning method.

In terms of prediction, the worst-case
scenario is that the model mispredicts
natural catastrophes, which implies that
when choosing a prediction model, the
inaccurate prediction of droughts and floods
should be taken into account. Following the
investigation, LGBM is the best model for
categorization prediction. The accuracy of
the predictions is 70.98 percent, with the
lowest incorrect predictions of droughts and
floods at 8% and 4%, respectively.

After the evaluation, XGBRegressor contributes a

higher correlation between the prediction and
the actual rainfall. The XGBRegressor appears to
be an excellent regression model for forecasting
[20]. However, because XGBRegressor does not
reveal the training element coefficients, it is
unknown if it overfits or not. Thus, this analysis
chooses Ridge to be the best choice for prediction
of rainfall since it has low RMSE and also better
coefficients.

The flood model which used the LGBM model
had an accuracy of 0.88 with a F-score of 0.9
recall 0.81and precision 0.73. This indicates that
our model finds almost all false negative casesas
our f1 score is high.
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