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Abstract

Machine Learning is an application of artificial intelligence where a computer/machine learns from
the past experiences (input data) and makes future predictions. The performance of such a system should
be at least human level. Machine Learning is generally categorized into three types: Supervised
Learning, Unsupervised Learning, Reinforcement learning.

Supervised Learning: In supervised learning the machine experiences the examples along with the
labels or targets for each example. The labels in the data help the algorithm to correlate the features.
Two of the most common supervised machine learning tasks are classification and regression.
Unsupervised Learning: When we have unclassified and unlabelled data, the system attempts to uncover
patterns from the data. There is no label or target given for the examples.

Reinforcement Learning: Reinforcement learning refers to goal-oriented algorithms, which learn how
to attain a complex objective (goal) or maximize along a particular dimension over many steps. As
machine learning technologies improve, they can be adapted to compile a continuous stream of real-time
data collected locally with available forecasts into ever evolving and improving machine learning model
parameters.
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I. INTRODUCTION

Tides are the rise and fall of sea levels caused by the combined effects of the gravitational forces
exerted by the Moon and the Sun and the rotation of the Earth. Most places in the ocean usually
experience two high tides and two low tides each day (semi-diurnal tide), but some locations experience
only one high and one low tide each day (diurnal tide).

The times and amplitude of the tides at the coast are influenced by the alignment of the Sun and Moon,
by the pattern of tides in the deep ocean and by the shape of the coastline and near-shore bathymetry.
Tides vary on timescales ranging from hours to years due to a number of factors, which determine the
lunitidal interval. To make accurate records, tide gauges at fixed stations measure water level over time.
Gauges ignore variations caused by waves with periods shorter than minutes. These data are compared to
the reference (or datum) level usually called mean sea level.

e Tide changes proceed via the following stages:
e Sea level rises over several hours, covering the intertidal zone; flood tide.
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e The water rises to its highest level, reaching high tide.
o Sea level falls over several hours, revealing the intertidal zone; ebb tide.
e The water stops falling, reaching low tide.

While tides are usually the largest source of short-term sea-level fluctuations, sea levels are also subject
to forces such as wind and barometric pressure changes, resulting in storm surges, especially in shallow
seas and near coasts.

Tidal phenomena are not limited to the oceans but can occur in other systems whenever a gravitational
field that varies in time and space is present. For example, the shape of the solid part of the Earth is
affected slightly by Earth tide, though this is not as easily seen as the water tidal movements.

II. LITERATURE SURVEY

The tidal level variations are conventionally estimated using the harmonic analysis.[1] This paper
presents an alternative method for prediction of tidal variations. Using this method it is possible to predict
the tidal level variations at the reference station and fill the gap for the missing data. High value of of
correlation coefficients obtained indicate the validity of technique for tidal level prediction.

Based on this study, an operational real time forecasting environment could be achieved when using a
trained neural network. This technique can be conveniently used to generate missing data. However, if the
training data are obtained from a different station, it should be ensured that the subordinate station is
located in the nearby area say within the estuary or in a distance of about 20 - 30 km away and should not
be located at a far distance of more than 100 km away.

Traditional methods of wave predictions have disadvantages of excessive data requirement, time
consumption and are tedious to carry out. The present study makes use of a relatively new technique [2]of
Acrtificial Neural Network which has been tried and tested in various coastal engineering applications.

In the present study [2] FFBP and NARX networks are used to predict waves at NMPT along the west
coast of India. Predictions of waves at NMPT for one year have been carried out using yearlong wave
data with FFBP network giving a satisfactory correlation coefficient ‘r’ value of 0.90 and 0.91 for the data
set divided on monthly and weekly basis respectively.

Using NARX network prediction up to 25 weeks can be achieved with accuracy level greater than 0.94
using one week’s data and yearly prediction can be achieved with accuracy greater than 0.94 using one
month’s data. Comparison of the results of FFBP network and NARX network showed NARX
performing better than the later as the ‘r’ obtained in case of NARX was 0.94.

The review focused on the application of various soft computing techniques in predicting significant
wave height [3]. The predictive efficiency of a machine learning approach depends upon quality and size
of the data set available.

ANN takes more computational time and finds difficulty in determining the effective structure of the
network. Hybrid models give better result than plain model. Wind speed, air temperature, sea surface
temperature and wind direction has most to least influence in wave height prediction respectively

This paper has surveyed [4] the state-of-art literature in tidal analysis and forecasting methods for
tsunami detection to identify publication trends, issues worthy of further investigation, and aspects that
have not yet been completely exploited.

This paper is intended to provide [4] the communities of both researchers and practitioners with a
broadly applicable, up to date coverage of tidal analysis and forecasting methodologies that have proven
to be successful in a variety of circumstances, and that hold particular promise for success for the
development or the improvement of Tsunami Alerting Devices for the detection of tsunamis events.
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In order to explore an effective method [5] to predict tidal level with a typhoon effect at Luchaogang,
two tidal level prediction models, based on unique BP neural network and on a combination of BP neural
network and KIA-based cubic B-spline curve, were introduced.

Then, using the data from Pudong Hydrological Bureau, experiments on the two models were
conducted with six parameters of typhoon as the input parameters and corresponding tidal level data as
the output parameters. The comparison results have showed that the BP-KIA model is superior to the
unique BP neural network model.

This optimized model has not only improved the prediction accuracy of the highest tide level but also
has accurate prediction results on time when the tidal level peak occurs. Through the BP-KIA prediction
model, the trend of tide levels in 24 hours can be forecasted in real time. Based on the BP-KIA tidal level
prediction model developed in this study, protective measures can be taken in advance to effectively
reduce the impact of typhoon disasters.

I11. PROPOSED SYSTEM

A. Data Collection
Collection of data from CWPRS.

B. Processing Data

Next step is cleaning the data which includes rearranging the data and processing according to model
and output requirements with dropping the unwanted rows and columns in the data.

C. Training And Testing

Third step is training and testing the data for predicting average Height of the tide. 70% data is trained
in the model and 30%data is tested for Model predictions.

D. Model Building And Deployment

Actual model deployment included actual prediction by using data frame function as we are able to see
the accuracy in our model with the less Error percentage Flask is a web application framework written in
Python. It has multiple modules that make it easier for a web developer to write applications without
having to worry about the details like protocol management, thread management, etc. Flask gives is a
variety of choices for developing web applications and it gives us the necessary tools and libraries that
allow us to build a web application. deploy model flask.
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Fig. 1. Proposed System Flow
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E. Data Import:

We took the raw data which is provided by CWPRS to us and then used pandas library to read the data

as shown in Fig. 2
T ———————
import pandas as pd
datal=pd.read_excel(april2013.xls’)
datal.head()

w:::.?:;": Unnamod1 Umamodz l.lm'umod3 UM;mod" Umamods: Umamod‘ Urmunod’ Unnmod. Unnamod.' U
04/04/2013
[} NaN NaN NaN NaN NaN NaN NaN NaN NaN NaN
1 Time(mmddhhmm) Data % Waves Hmax Thm H110 T110 H13 T3 Havg
2 04040020 4RW 99 96745 227 45 11 16264 3799153 9350759 30 27074 7 740685 19 64317
3 04040120 4RW 00 96745 241 50 11 25544 38 12 10 37978 290 58025 8 04702 18 43568
B3 04040220 4ARW 990 96745 213 50 11 3664 4116216 P 821616 32 56744 8 5216833 20 55369

Fig. 2. Data Import

F. Data Cleaning

Next step is cleaning the data which includes rearranging the data according to model and output
requirements with dropping the unwanted rows and columns in data as shown in figure 3

import pandas as pd
datal=pd.read_excel("april2e13.xls’,skiprows=2)
datal.head()

Time(mmddhhmm) Data % Waves Hmax Thm H110 Ti1110 H13 TR Havg Tavg Ep
[} 04040020 4RW 99 96745 227 45 1116264 3799153 9350759 3027074 7740685 1964317 5252430 084218
1 04040120 4RW 99 96745 24 S0 1125544 3812000 10379780 2958025 8047920 1843568 4999222 083827

04040220 4RW 99 06745 213 S0 1136640 4116216 9821616 3256744 8521933 2055399 5600682 086327
04040320 4RW 90 06745 226 52 1206285 3978724 9937702 3100000 79067224 1974779 5272195 084845

& L »N

04040420 4RW 00 06745 183 65 1211177 4950405 11167350 3710760 9651505 2215026 6177580 O 87655

Fig. 3. Data Cleaning

G. Training and Testing

Third step is training and testing the data for predicting average height of the tide. 70% data is trained
in the model and 30%data is tested for model prediction.

from sklearn.model selection import train_test split

from sklearn.linear_model import LinearRegression

1r = LinearRegression()

X = data.drop([ 'Havg'],axis=1)

y = data['Havg']

X _train, X _test, y train, y test = train_test split(X, y, test_size=0.3)
Ir.fit(X_train, y_train)

lr.score(X _train, y train),lr.score(X test, y test)

(0.9817946904014501, ©.9718675019398781)
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Fig. 4. Training and Testing

H. Model Results

Actual model deployment included actual prediction by using dataframe function as we are able to see
the accuracy in our model with the less error percentage. Sample is shown in Fig. 5

df = pd.DataFrame(list(zip(y_test, y_pred)),
columns =['y test', 'y pred'])
df .head(19))

y_test y_pred

0 1795074 17.901803
2493802 24985422

-

29.06061 29601772
31.18710 29.741836
25.20497 25.759990
18.43568 18.708849
30.34008 29825012
3267883 32.060529

@ N OO o AN

26.65678 26.356574
Q 27 8R421 27 N119RR
I

y pred = lr.predict(X_test)
y_pred

array([17.90180346, 24.98542161, 29.60177165, 29.74183561, 25.75999001,
18.70884882, 29.8250116 , 32.06052895, 26.35657425, 27.01125639,
26.99622163, 29.37389025, 28.17757869, 23.40375363, 24.37179419,
22.61940809, 24.77168904, 29.00557637, 28.718502 , 19.88151568,
26.1647359 , 24.48977091])

Fig. 5. Model Result

I. Model Deployment
Actual model deployment results predicted by the model.

S W x -+

< C @® 127.0.0.1:5000/predict

Tidal Wave prediction

Waves Hmax Thm
H1/10 T1/10 H1/3
T1/3 Tavg Eps
month day hour
Predict

Mverage height of wave with given parameters could be 19.29
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Fig.6 Model Deployment Results

V. CONCLUSION

Prediction of tsunami and storms can be predicted with higher accuracy. The proposed system is
helpful in assisting the ship movements at coastal environment. From proposed machine learning and
artificial intelligence model we can predict the Tsunami movements change in the height of the wave
coastal area harbour projects movements of ships these are things we can predict from the tidal wave
prediction model. We can predict the height with utmost accuracy and this project will be helpful for the
people living in the coastal regions. It will be helpful for their safety. The data generated by this model
will be helpful for various coastal stations also.
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