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Abstract

East of Iraq Regions such as wasit city is one of the flood affected Regions, cussed by The torrents coming from Iran and the
rain water that causes great danger to the people who live near the Iraqi-Iranian border, A good amount of work carried out
by machine learning (ML) techniques and deep learning in the past for flood occurrence based on rainfall, humidity,
temperature, water flow, water level etc. The problem is that no one has attempted to predict the likelihood of a flood based
on temperature and rainfall intensity.

Therefore, we use deep learning models such as Convolutional neural network(CNN), Recurrent Neural Network(RNN),
Multi-layer Perceptron (MLP) and machine learning model such as Support vector machine(SVM), k-Nearest
Neighbors(KNN), Decision Tree(DT),Random forest(RF) and Logistic regression(LR) for predicting the occurrence of flood
based on temperature and rainfall intensity and the results were compared between the deep learning models and machine
learning models them in terms of accuracy, recall, precision and F1 Score.

The results indicate that the CNN algorithm of deep learning and KNN algorithm of machine learning and can be efficiently
used for flood forecasting with highest accuracy based on rainfall parameters, Amount of running river water and temperature
before flood occurrence.

Keywords: Deep learning, Machine learning,Flood forecasting,flood prediction,forecasting

1. Introduction

One of the most important disasters that occur quickly and widely is floods that cause great damage to
human life that may reach death, as well as agriculture and the economy, Therefore governments must
develop reliable and accurate maps of areas with high risk knowledge and ongoing plans for flood risks and
focus on prevention, preparedness, and protection of individuals[1].Flood forecasting models are of great
importance for predicting floods before they occur, as well as reducing risks to facilitate the process of
managing water resources, suggesting policies and analysing data, and evacuation modelling[2],However,
due to the changing nature of climatic conditions, flood lead-time and occurrence location forecast is
inherently complicated. As a result, today's primary flood prediction models are primarily data-driven and
rely on a number of simplified assumptions[3].Although climate change has consequences as it causes an
increase in the possibility of floods, such as an increase in the amount of precipitation if torrential rains
come from countries, or snow melting in some countries, because people began to live near rivers, the
danger is greater and safety measures and precautions must be provided to reduce Flood-related deaths and
other damages[4]

Forecasting floods at the same time is a difficult task, because it needs to identify risks and determine the
possibility of floods, because it depends on measurements of climate change from rain, heat and wind
intensity, and any error in measurements or uncertainty causes errors in prediction and can lead to increased
damage[5].The areas in central Iraq adjacent to the Iranian borders are vulnerable to flooding due to the
quantities of water coming from Iran due to torrential rains, heavy rains, or any emergency circumstance
that poses a threat to the residents of these areas. Computational methods like as neural networks have been
widely used to predict flood in a river's endangered region and its influence outside of the specified area: for
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example, the upstream river flow or discharge is extremely useful in locating downstream flows that are not
equipped or lack measurements[6].Floods, whether natural or flash floods, are typically the consequence of
excessive rainfall. For example, the devastating flood occurrence in Malaysia in 2014 [7]taught us the need
of having a flood prediction system in place to monitor, anticipate, and detect flood events.

It is critical to give a flood warning as soon as possible in order to minimize such losses. As a result, water
level forecasting is critical for predicting future floods. Agriculture, plants, domestics, and industrial and
commercial sectors all benefit from water level forecast[8].

The aim of this research paper is to develop a predictive modelling Standard Process for Data Mining
methodology by using Support vector machine(SVM) and other Machine Learning (ML) techniques such as
Decision Tree (DT), k-Nearest Neighbours (KNN) and random forest and logistic regression Deep Learning
(DL) techniques such as convolutional neural network (CNN), recurrent neural networks(RNN) and
multilayer perceptron(MLP) and for flood prediction in East of Iraq and then compare the result of all
models by the evaluation metrics

The remaining of this paper is organized as follows. Section 2 reviews all works related to techniques used
for flood risk prediction, Section 3 presents the concept of Prediction methodology and prediction
techniques, Section 4 Provides a description of the database being used, Section 5 presents the results for all
models used In from its beginning of dataset pre-processing to evaluate the results and Finally Section 6
concludes with some directions for future work.

Related Work

Razali et al.[9]The study aims to develop a flood forecasting model by using machine learning techniques
such as Bayesian (BN) and other machine learning (ML) techniques such as Decision Tree (DT), k-Nearest
Neighbors (KNN) and Support Vector Machine (SVM) to predict flood risk. By reaching 99.92 percent
accuracy, the DT technique outperformed the others.

Zehra.[10]Changing the behavior of river water can cause floods This paper suggested a use Non-linear
(NARX) and Support Vector Machine (SVM) are machine learning algorithms to predict changes in river
water levels and thus the probability of flood detection. Precipitation amount, river inflow, peak gust,
seasonal flow, flood frequency, and other important flood forecast factors are used by both algorithms.
Machine-learning algorithms are excellent in predicting floods because they can use data from a variety of
sources and categorize and regress it into flood and non-flood classes. Based on the comparative synthesis,
conclude it is determined that statistical techniques combined with NARX may give extremely accurate and
promising flood forecasting outcomes.

Sankaranarayanan et al.[11]This study discusses how to predict floods based on temperature and
precipitation intensity, where a deep learning model was used with other machine learning models (Support
Vector Machine (SVM), K nearest neighbor (KNN) and Naive Bayes) and compared in terms of accuracy
and error terms. The findings show that the deep neural network can be effectively utilized for flood
forecasting with the best accuracy based on monsoon factors only prior to the onset of floods.

Kumar et al.[12]This paper demonstrates to the use of ANNSs to predict water flows. Two different networks
were used namely the feed forward network and the recurrent neural network, have been chosen to predict
the flow of the river in India to overcome the floods. A comparison of the two networks found that the
recurrent neural networks outperformed the feed forward networks. Furthermore, the recurrent neural
networks had a smaller design and required less training time. Both single step ahead and multiple step
ahead forecasting yielded superior results using the recurrent neural network. As a result, recurrent neural
networks are recommended as a technique for predicting flood flow.

Dtissibe et al.[13]This paper describes how floods have become a major threat to the environment and
economy of countries causing loss of life and material damage. It is necessary to build a flood forecasting
system. Physical methods for flood detection have proven to be limited and ineffective. Use machine
learning tools because neural network systems are a good alternative. The focus of attention was the
performance of the models and minimum prediction errors. Multiple layers were used to design the flood
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forecasting model. The model has been tested based on experiments, and the results show the effectiveness
of the proposal with good predictive ability.

Kunverji et al.[14]This paper discusses the importance of a flood forecasting system, as floods have become
a catastrophic event and the lack of a flood forecasting system has resulted in huge losses. The goal of this
study is to developing the most effective flood forecasting model. Al calculations and a productive and
precise flood forecasting system give all of the support require to Residents and the government. Then
building a decision tree model. This model performs different computations on datasets with a high level of
precision. The model uses artificial intelligence to predict floods and send notifications to local officials and
municipalities. Decision tree, random forest, and gradient boosting of three machine learning methods used
for comparison. This model focuses on increasing prediction rates by utilizing more complex data and a
high-level algorithm. We build models for machine learning and deep learning, compare the results of the
models and choose the best to predict floods.

Prediction

Prediction is a statistical technique that uses machine learning, deep learning, and data mining to predict
possible future outcomes with the help of historical and current data.Where the work of modeling is by
analyzing current and historical data and projecting what it has learned onto the model that was created to
predict possible outcomes.Predictive modeling can be used to predict everything. Predictive models work so
quickly and can be used to forecasting such as TV ratings, disease forecasting, natural accidents, credit risk,
corporate earnings, and online betting risks [15].Can see in the below figure 1 basic flow for building model
for Prediction. Inour thesis, machine learning and deep learning supervised algorithms were used to predict
floods, and the algorithm results for both techniques were compared.

Data Collection

Data Preprocessing

Building Model

Figure 1 Basic flow for building model forPrediction

3.1. ML methods in flood prediction
Machine learning is an evolving field of computing algorithms that aim to mimic human intelligence
by learning from their surroundings, they are the best thing to analysis big data, and Machine learning
techniques have been used in a variety of disciplines, including computer vision, spacecraft
engineering, as well as biomedical and medical applications[16]. We will use some of ML algorithms
to prediction flooding such as k-Nearest Neighbors, Logistic regression, Decision Tree, Random Forest
and Support Vector Machine.
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3.2. Deep learning methods in flood prediction
The term Deep Learning or Deep Neural Network refers to Artificial Neural Networks (ANN) with multi
layers. Over the last few decades, it has been considered to be one of the most powerful tools, and has
become very popular in the literature as it is able to handle a huge amount of data. The interest in having
deeper hidden layers has recently begun to surpass classical methods performance in different fields;
especially in pattern recognition[17]. One of the most popular deep neural networks is the Convolutional
neural networks (CNN), Recurrent neural networks (RNN)and Multilayer perceptron (MLP).

4. Data Set

Represents the phase of collecting data we used a set of databases for Iraq's climate from the NASA website
from 1990 to 2020 and the database includes all the details of the climate in Iraq and for all months of the
year of temperatures and rainfall and their rates. To determine the areas covered by water when flooding.
Below figure 2 show the dataset.

A B C D E F G H ] J K L M N [e] P Q R S

|SUBDIVISI_IJN,YEAR,Time,FIood)ossibiliw JAmount_of water_m,Area_covered_by_water,propagation_speed,JAN,FEB,MAR, APR,MAY,JUN,JUL AUG,SEP,OCT,NOV,DEC, ANNUAL RAINFALL, FLOODS

Al-kut,1980,1:00 AM,65.684398,66.842499,65.307503,66.517502,0,0.9,20.8,114.8,105.3,745.9,754,438.1,139.5,282.3,162. 3,39.5,2803.4, NO

AL-kut,1981,2:00 AM,67.175003,67.517502,66.175003,66.997498,7,6.8,28.5,75.9,166.3,912.4,489.8,495.6,376.6,265,138.6,43.3,3005.9,YES

Al-kut,1982,3:00 AM,67.077499,68.425003,66.457497,68.3125,0.7,0.1,21.9,60.4,148.2,612.2,511.5,435,70.6,164.4,127.5,10.8,2223.3,NO

AL-kut,1983,4:00 AM,70,72.0625,69.512497,71.762497,0.2,1.5,0.9,13.1,76,322.8,583.2,579.9,421.1,136.2,116.5,69.1,2320.3,NO
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AL-kut,1985,6:00 AM,71.845001,72.050003,70.587502,71.672501,61.2,6.1,29.3,66.6,254.2,828.7,388.9,315.3,117.6,204,74.9,44,2390.5,NO

Al-kut,1986,7:00 AM,71.172501,71.737503,69.214996,70.699997,5.6,18.7,11.2,63.1,126.7,597.9,324.8,340.3,235.4,165.5,194.7,9.5,2093.2, NO
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Figure 2 Dataset

5. Result and destination:

5.1 Data Pre-processing
Figure 3 shows the original data that it contains unimportant values and does not affect our work and null
value Text values that we converted to numerical values as shown inFigure 4.

Country  Month Year Rainfall-(MM) Temperature - (Celsius) Month_No FLOODS

Country Month Year Rainfall - (MM) Temperature - (Celsius) FLOODS

] Ira Januar 1961 7 Yes
1 Ir‘ag Febr‘uar‘; 1901 28.5 11.9 Yes 0 ”aq Januaw 1901 329 79 1 1

2 Iraq March 191 0.1 17.9 Yes
3 Irag April 191 27.3 21.6 o | 1 Irag February 1901 285 1.8 2 1

4 Iraq May 1981 12.1 26.2 No
1435 Irag August 2020 8.6 33.7 we | 2 Irag  March 1901 301 170 3 1

1436 Iraq September 2020 a.1 31.8 No
1437 Iraq October 20820 3.5 25.1 No 3 ”aq Am" ng 273 216 4 U

1438 Iraq Movember 2@2@ 33.7 17.2 No

1439 Iraq December 202@ 22.4 11.2 Yes
4 Iraq May 1901 121 262 5 0

[1448 rows x 6 columns]

Figure 3 Original Dataset Figure 4 Dataset after pre-processing

5.2 Features extraction
After Pre-processing we split the data to training and testing data, we do first split them to training data
(70%) and testing data (30%), the figure show the training data without label values and the figure show
testing data content only one value, Due to the presence of a varying value in the quantities, we made a
normalization between (0-1) for the data to get rid of it see figure(5,6, 7).

Figure 5 training data

Figure 6 testing data

Rainfall - (MM) Temperature - (Celsius) Month_No 1435 ] array([[0.49031297, 8.14417178, @. )
) o - 1 [0.4247382 , B.25687117, 9.89898949],
: 1436 5] [0.4485842 , 0,£2331288, 9.1818181],
1 285 1.9 2
1437 @ [6.05216005, 8.67177914, .21813152
2 20.1 170 3 : 5 0. ) 8. L
; . s \ 1438 =) [0.56223547, 8.42044785, 5.3989801],
: [0.3338301 , 0.24539877, 1. m
4 121 26.2 5 j-'q' 3 9 1

Figure 7 data after normalization
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5.3 Machine learning models

5.3.1 Kk-Nearest Neighbors
5.3.1.1 Architecture

It is important to get the optimum value of K, so that the model can classify well, we tested the
accuracy of the training and test data by increasing the value of the number of neighbors from 1 to
10 illustrated in the figure 8. After that, we select the best value for K.

1000 —— training accuracy
0999 test accuracy

09938

0957

0996

Accuracy

0,985

0994 s
0993

0,952

n neighbors

Figure 8Best number of neighbors

The figure 8 shows that the best value for k is number 9. Then we make the new value of K equal to
9. Then we note the accuracy value of the training and test data Accuracy of K-NN classifier on
training set: 0.99, Accuracy of K-NN classifier on test set: 1.00 and prediction value to how accurate
is our model is show in below Figure 9:

Accuracy Score:99.537837
Recall Score:1@0.268080
ROC score:99.686520
[[317 2]
[ e 113]]
precision recall fl-score  support
@ 1.e@ 28.99 1.00 319
1 8.98 1.8@ 8.99 113
accuracy 1.80 432
macro avg .99 1.8@ 8.99 432
weighted avg 1.e0 1.00 1.00 432
Figure 9KNN evaluation

5.3.2 Logistic regression
5.3.2.1 Architecture

We built a logistic regression model using a different measure of the C modulus where C is the
inverse of the strength of regulation. It should be a positive float. As in support vector machines,
smaller values define a stronger organization and we compare the final values as a result of the
different C value.in figure 10, 11, 12 Show result change by valueC.

accuracy score:94.444444 accuracy score:94.9874e7 accuracy score:94.444444
recall score:84.955752 recall score:86.725664 recall score:84.955752
roc score:91.382687 roc score:92.265653 roc score:91.388697
[[312 7] [[312 7] [[312 7]
[ 17 9611 [ 15 98]] [ 17 96]] .
precision recall fl-score  support precision  recall fl-score support precision  recall fl-score  support
2] 1.08 @.90 1.88 319 e 1.0@ 8.99 1.e8 319 8 1.0@ 8.99 1.88 319
1 @.98 1.0 8.99 113 1 8.98 1.0 8.99 113 1 8.98 1.6 ©.99 113
accuracy 1.e@ 432 accuracy 1.08 432 accuracy 1.00 432
macro avg @.99 1.e@ 0.99 432 macro avg @.99 1.00 a.99 432 _macro avg 8.99 1.e0 ©.99 432
weighted avg 1.00 1.00 1.00 432 | weighted avg 1.00 1.80 1.e8 432 [[weighted avg 1.08 1.08 1.80 432
Figure 10LR evaluation(c=1) Figure 11LR evaluation(c=0.01) Figure 12LR evaluation(c=100)

After look to the above figure best result oflogistic regression model when the value of C=0.01.

2897



Turkish Journal of Computer and Mathematics Education Vol.12 No.14(2021), 2893- 2904

5.3.3

5.34

5.3.5

Research Article

Decision Tree

We built a Decision Tree model using a different parameters such as max_depththe maximum
depth of the tree. If none, then nodes are expanded until all leaves are pure or until all leaves contain
less than min_samples_split samples, random_state Controls the randomness of the estimator. The
features are always randomly permuted at each split, even if splitter is set to "best",Where we in the
first model assign value of max_depth equal to 3 and the random_state equal none then we got the
result of Accuracy on training set: 1.000, Accuracy on test set: 0.993,And the second model assign
value of max_depth equal to none and the random_state equal none then we got the result of
Accuracy on training set: 1.000, Accuracy on test set: 0.993, The best model is the second as show
in figure 13 below:

accuracy score:99,.385556
recall score:106@.006608
roc score:99.529781
[[316 3]
[ 8 113]]
precision recall fl-score  support

e 1.08 8.99 1.0@ 319
1 .97 1.00 8.99 113

accuracy 8.99 432
macro avg 6.99 1.00 6.99 432
weighted avg 8.99 8.99 8.99 432

Figure 13Decision Tree evaluation

Random Forest

Where talk about building Random Forest we design two model with change value of parameters of
Random Forest such as n_estimatorsint, default The number of trees in the forest, max_depth,
random state.First model have assign value to parameters (n_estimators=100, max_depth=100,
random_state=0,the results were as follows Accuracy on training set: 1.000, Accuracy on test set:
0.995,Second model have assign value to parameters (n_estimators=200, max_depth=210,
random_state=0, the results were as follows Accuracy on training set: 1.000, Accuracy on test set:
0.998, the figure 14 show the second model is the best :

accuracy score:99.768519
recall score:100.8e2008
roc score:99.84326@
(18 1]

[ @8 113]]

precision recall fl-score  support

] 1.e@ 1.080 1.e@ 319
1 .89 1.00 1.e@ 113

accuracy 1.86 432
macro avg 1.ea 1.00 1.e8 432
weighted avg 1.e8 1.00 1.28 432

Figure 14Random Forest evaluation

Support Vector Machine

5.3.5.1 Architecture

Like as previous models, we built more than one SVM model with variable parameter values such as
C Regularization parameter, kernel Specifies the kernel type to be used in the algorithm, First model
assign value to C=1.0 and kernel =linear then we got the result of Accuracy on training set: 0.95,
Accuracy on test set: 0.95, Second model assign value to C=1.0 and kernel = sigmoid then we got
the result of Accuracy on training set: 0.770, Accuracy on test set: 0.780.Third model assign value to
C=1.0 and kernel = rbf then we got the result of Accuracy on training set: 0.99, Accuracy on test set:
0.98,Fourth model assign value to C=12 and kernel = rbf then we got the result of Accuracy on
training set: 1.00, Accuracy on test set: 0.99, when we look at the results we obtained, it becomes
clear to us that the fourth model is the best, and the figure 15 shows the details:
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accuracy score:98.611111
recall score:97.345133
roc score:98.202347
[[316 3]
[ 3 1128]]
precisien recall fl-score  support
a 8.99 a.99 8.99 319
1 8.97 a.97 8.97 113
accuracy 6.99 432
macro avg 8.98 @.98 6.98 432
weighted avg 9.99 @.99 9.99 432

Figure 15SVM evaluation

5.3.6 Computingenvironment of machine learning algorithms
Typical training in this project was conducted on Windows 10 PC equipped with Intel core i7 CPU,
NVIDIA 2GB GeForce 820M GPU. The models was developed using scikit-learn 0.23.1.

5.4 Deep learning model
5.4.1.1 CNN

5.4.1.2 Architecture

CNN model is designed with a VGG (Visual Geometry Set) model structure that has a first layer
convld block with 64 filters, This layer creates a convolution kernel that is convolved with the layer
input over a single spatial (or temporal) dimension to produce a tensor of outputs ,Next is Dense
layer operation on the input and return the output,MaxPoolinglD layer used basically for the
purpose of reducing the size of the data and flatten layer that use to converting the data into a 1-
dimensional array for inputting it to the next layer,The final model contains two layers is
flatten,Dense, Each convolution layer contains 64 filters, ReLU activation, and Unified Core
Configurator with the same padding to make sure the output function mappings are the same width
and height and dropout layer The Dropout layer randomly sets input units to O with a frequency of
rate at each step during training time, which helps prevent overfitting and final layer is Dense. The
developed CNN architecture is shown in Figure (16-17).

Podel: *sequenti 1 Conv1d_2:Conv1D{InputLayer)
Layer (type) Qutput Shape Param 4 ¢
convld 1 (Convi0) (Nore, 2, 128) g Dense_6:Denselayer
dense 3 (Dens) (None, 2, 128) 16912 ¢
dropi:DropoutLayer
max_poolingld 1 (MaxPoolingl (None, 1, 128) g ¢
Flatten 2 (Flattzn) (None, 128) p may_pooling1d_2:MaxFPooling1d
dense 4 (Dense) (None, 32) 4128 *
Flatten_4-FlattenLayer
flatten 3 (Flatten) (None, 32) 9
Y
dropout 1 (Dropaut) (None, 32) 9 Dense7-DenseLayer
dense 5 (Dense) (None, 2) 6 J.
Total parans: 21,98 Flatten_5:FlattenLayer
Trainable params: 21,090 Jv
Non-trainable params: @
Dense_&:Denselayer

Figure 16Details of CNN architecture and result

output shape each layer Figure 17Model architecture
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5.4.1.3 Model Improvement and Training Procedure
We see the accuracy in the training and testing process in Figure 18, 19shows a representation of the
loss in this process, it takes a few hours to complete this process.
Here it turns out that when the number of epochs is 32, batch size is10, we will obtain the highest
verification accuracy (0.99%) corresponding to the lowest validation loss, so it is considered the
optimal number of epochs.

Train and validation accuracy Train and validation loss
100 | —e~ validation accuracy o =@~ validation loss
025
-~ Tain accuracy N -8~ Tain loss
098
0.20
096
g 094 » 015
5 I
v -
® 092
010
0.90
005
088
0 T 10 15 20 25 0 0 5 10 15 20 b 0
Figure 18accuracy of Training and validation process Figure 19loss of Training and validationprocess
Epoch 2373
1e1/1e1 [- - @s 3ms/step - loss: ©.9316 - accuracy: 2.9883 - val loss: 2.2209 - wal accuracy: ©.9
ok
Epoch 24/3
1e1/101 [= - @s 3ms/step - loss: @.@508 - accuracy: ©.9828 - val_loss: ©.8355 - val_accuracy: @.9
sos
Epoch 25/32
101/101 [==============================] - @s 2ms/step - loss: ©.8377 - accuracy: ©.986@ - val_loss: ©.8136 - val_accuracy: ©.9
ok
Epoch 26/32
101/101 [===============——————————————-] - 85 2ms/step - loss: ©.0350 - accuracy: 8.9845 - val_loss: ©.0188 - val_accuracy: 0.9
oox
Epoch 27/32
101/101 [==============================] - @s 2ms/step - loss: ©.8474 - accuracy: ©.9722 - val_loss: ©.8381 - val_accuracy: ©.9
Tpoch 25732
101/161 [================———=—————ooee-] - 8s 2ms/step - loss: 8.8465 - accuracy: 8.9833 - val_loss: ©.6233 - val_accuracy: 0.9
cor
Epoch 29/32
101/101 [==============================] - @s 2ms/step - loss: ©.8433 - accuracy: ©.9817 - val_loss: ©.9226 - val_accuracy: @.9
cor
Epoch 38/32
101/161 [=================——=—————oo_] - 8s 2ms/step - loss: 8.1121 - accuracy: 8.9578 - val_loss: ©.8188 - val_accuracy: 1.8
o0s
Epoch 31/32
101/101 [==============================] - @s 2ms/step - loss: ©.8312 - accuracy: ©.9899 - val_loss: ©.9132 - wal_accuracy: 1.8
ovo
Epoch 32/32
101/161 [= - @s 2ms/step - loss: ©.8357 - accuracy: ©.9867 - val loss: 9.0184 - wal accuracy: 0.9
step - loss: 8.0268 - accuracy: ©.9948
o ssasrenrsa1ses
- @s lms/step - loss: ©.0184 - accuracy: ©.3977
ccoracy G.siressizacasioss
Figure 20CNN Training process and testing process results
When looking at the Figure 20 that represents the results of training the model and figure 21 below
shows the correct cases for the prediction.
accuracy =cors:9%.76851%9
recall scors:9%.12288a7
roc score:9%9.581484
pred-flood pred-none
true flood 318 a
false flood 1 113
Figure 21CNN evaluation
5.4.2 RNN
.
5.4.2.1 Architecture

RNN model is designed with Traditional neural network model structure that has a first layer LSTM
block with 254 filters LSTM has a special architecture which enables it to forget the unnecessary
information .,Next is Dropout layer operation on the input and return the output, LSTMnext layer
,Dropout ,Dense ,Dropout ,Dense ,activation function is tanh, flatten,In final the model, Dense
layers. The developed RNN architecture is shown in Figure(22-23).
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Model: "sequential 7" Convi D_E: |F'I[J|..Iﬂ_E|‘j' er
Layer (type) Output Shape Param & ,L
Lsmtl (LSTH) (None, 3, 254) 260296 Dense_6:Dense
dropl (Dropout) (None, 3, 254) ] ¢
Tst2 (LSTH) (lone, 128) 196296 max_poolingld_2:MaxPoolingl
drop2 (Dropout) (None, 128) a ¢
Densel (Dense) (None, 128) 15512 flatten_4:Flatten
drop3 (Dropout) (None, 128) a ¢

o) ) .
Dense2 (Dense) (None, &4) 2256 I:IE“‘I'IEE'_? -Dense
Activationl (Activation)  (None, 64) ] i
flatten 7 (Flatten) (None, 4) ]
Dense3 (Dense) (None, 2) 130 Flatten_E. Flatten
Total params: 481,090 ¢
Trainable params: 481,090
Non-trainable params: @ dens E'_E Dense

Figure 22Details of RNN architecture and result

output shape each layer Figure 23Model architecture

5.4.2.2 Model Improvement and Training Procedure
We see the accuracy in the training and testing process in Figure 24, 25shows a representation of the
loss in this process, it takes a few hours to complete this process.Here it turns out that when the
number of epochs is 50, batch size is 5, we will obtain the highest verification accuracy (0.99%)
corresponding to the lowest validation loss, so it is considered the optimal number of epochs.

Train and validation accuracy Train and validation loss
100 p —e— validation loss
0.98 0.30 —&— Tain loss
0.25
0.96
o 0.94 0.20
e i
g
3 092 S5
b
0.90 010
0.88
P 0.05
086 —e— validation accuracy
—e— Tain accuracy 0.00
0 10 20 30 40 50 0 10 20 30 40 50
epoch epoch
Figure 24accuracy of Training and validation process Figure 25loss of Training and validation process
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Figure 26RNN Training process and testing process results
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When looking at the Figure 26 that represents the results of training the model and figure 27 below

shows the correct cases for the prediction.

accuracy scors:9%.385556
recall score:%7.478992
roc score:98.739496

pred-flood pred-none
true flood 313 a
false flood 3 116

Figure 27RNN evaluation

Multilayer perceptron (MLP)

5.4.3.1 Architecture

Where talk about building MLP we design two model with change value of parameters of Random

544

Forest such asalpha L2 penalty (regularization term) parameter,hidden_layer_sizesThe ith element

represents the number of neurons in the ith hidden layer, max_iter Maximum number of

iterations.First model assign

value

to

max_iter=200,alpha=0.001,random_state=0,hidden_layer_sizes=1000 then we got the result of
Accuracy on training set: 0.96, Accuracy on test set: 0.95.Second model assign value to
max_iter=2000, alpha=0.1, random_state=0, hidden_layer_sizes=1000 then we got the result of
Accuracy on training set: 0.993, Accuracy on test set: 0.979.Third model assign value to
max_iter=200, alpha=0.00001, random_state=0, hidden_layer_sizes=3000 then we got the result of
Accuracy on training set: 0.0.0.998, Accuracy on test set: 0.0.981.When we look at the results we

obtained of prediction, it becomes clear to us that the second model is the best, and the figure 28

show the details

accuracy scors:99.385556
recall score:37.478992
roc score:9E.7309496

pred-flood pred-none
true flood 313 a
false flood 3 11a

Figure 28MLP evaluation

Computing environmentof deep learning algorithms

Typical training in this project was conducted on Windows 10 PC equipped with Intel core i7 CPU,
NVIDIA 2GB GeForce 820M GPU. The MLP model was developed using scikit-learn 0.23 and
CNN, RNN models was developed using TensorFlow 2.4.1 and Keras 2.4.3.
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5.5 Models evaluation
After the process of building the models and training them on the training and testing data, now we compare
the results between the models in the table below to find out the best models.

Table 1: models evaluation comparison

Algorithm Accuracy recall precision F1

k-Nearest Neighbours 99% 100% 99% 99.4%

Machine Logistic regression 84% 86% 92% 87%
Learning Decision Tree 98% 98% 99% 98.4%
Algorithm Random Forest 97% 100% 99% 99.4%

Support Vector Machine 98% 97% 98% 97%

Deep CNN 99% 99% 99% 99%

Learning RNN 99% 97% 98% 97%
Algorithm Multilayer perceptron 94% 87% 92% 44.7%

By looking at the results above, we notice the superiority of Random Forest an algorithm in machine
learning and CNN an algorithm in deep learning, where the two algorithms had the same results, both of
them in classification have only one wrong classification.

5.6 Examples of Predictions of best model
We can use our ergonomically designed models CNN, KNN to make predictions about flooding. Table2

show examples of flooding projections.

Table 2 Example of Predictions

algorithm data prediction
KNN [30.1,17.0,3] flooding
CNN [22.8,5.5,1] Non-flooding

6. Conclusions and Future Studies

In this paper, an approach to flood forecasting is proposed. The system combines machine learning and deep
learning to make it more efficient and convenient. During this project, more than one model was developed
and results were compared between them to classify weather data and forecast floods. Models were trained
with highly balanced data sets. Models (i.e. binary classification) were trained to classify data in two
conditions: flood, non-flood. Model attained at accuracy of 99.768%. However, the measurement
performance under balanced data conditions is adequate. This project will be expanded by exploring ways to
increase the accuracy of the multi-category classification models. An immediate extension of this project is to
check the performance of the model after adding additional blocks/layers to the existing CNN, RNN model
and modifying hyperparameters, adding change to the machine learning models to achieve high accuracy that
competes with current models. The model developed by CNN, KNN will also be improved by integrating
with IOT system to work with sensor to work with data real time.
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