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ABSTRACT

Global warming is one of the world’s serious problem and leads to variety of disaster.

Flooding is one of dangerous natural disaster which frequently happens in Thailand and all

regions. When flooding comes, there is the damages to both of properties, human well-being, and

sometimes bringing death. To prepare and prevent this natural disaster, the predictive model is

built to forecast the future event from previous data. The data was collected and used to train by

Machine Learning models, the neutral network and gradient boosted tree model is applied for

building. These models are widely recognised for machine learning techniques. The end result of

these models indicates predictive accuracy percentage which more than 85%
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tambon_id depth level volume rain_yester rain_today date_part
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510301 -0.410 4.640 10/28/18
510301 -0.400 4.830 10/20/18
510301 -0.400 4.830 10/21/18
510301 -0.400 4.830 10/28/18
510301 -0.390 5.020 10/20/18
510301 -0.390 5.020 10/21/18
510301 -0.380 5.210 10/21/18
510301 -0.370 5.400 10/20/18
510301 -0.370 5.400 10/21/18
510301 -0.370 5.400 10/28/18
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520119
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max_val
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3.1.5 Yoyamamimsifarinauduway

usereal_per  in_val

0.620
1.300
0.560
1.020
1.050
1.160
3310
1.690
0.510
0.660
2.570
0.510
0.860

1.510

1.670

0.560

sum_val
102.060
103.360
101.430
111.590
110.570
109.520
106.660
108.360
100.870
100.360
114.160
99.700
185.780
187.290
184.920
188.960

99.190

sum_per
18.390
18.620
18.280
20.110
19.920
19.730
19.220
19.520
18.180
18.080
20.570
17.960
33170
33.440
33.020
33.740

17.870

out_today
1.260
1.240
1.420
1.160
1.230
1.440
1.330
1.450
1.540
1.630
1.030
1.710
1.350
1.340
1370
1.350

1.730

out_sum
131.010
132.250
129750
138.840
137.680
136.460
133.580
135.020
128.330
126.780
139,880
125.160
247.460
248,810
246.110
250.160

123.450
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NONG KHAI
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CHAIYAPHUM
PHITSANULOK
SISA KET
SURIN

SURIN
RATCHABURI
BURI RAM
UTHAI THANI
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NON SUNG

PHON PHISAI

MUEANG SU...
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PHROM PHIR...
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NON SUWAN

SAWANG AR...

CHANUMAN
HANG DONG
KO SAMUI
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o
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Una

T_NAME_E
DAN KHLA
NA NANG
THAP TILEK
BAN PHET
MATONG
PHON KHA
KUT WAI
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KHUNG PHA...

DONG I CHAN

NONG LUANG

KHAM KHUE...

NONG KAEO
MAENAM
CHAI KHRAM

KLAENG

U

UNAU uﬁlfJHﬁMW%WﬂﬂﬁJﬁ’ﬁNu"l

Easting
200287.357
303011.929
-27970.276
145180.818
-12260.769
432343.671
378705.961
373060.530
-59313.438
232860.409
47356.414
487649.783
-140521.623
-52044.843
-89589.751

120698.309

Northing

1676917.128
1978283.939
1601359.071
1709255.716
1897294.988
1665928.307
1649871.558
1698719.726
1530969.096
1610423.923
1733511.746
1785204.163
2075066.770
1060976.978
1021295.494

1393649.319

5260340000
0

924759
1040262.813
478075.750
0

66424900

0
3089103000
66643532
219690000
157116400
2567907000

99959.040

PERIMETER  LUGROUP

65098244
38120768
8309061
65098244
44694.180
5748.379
3318.322
65098244
1092926
65098244
2800857
140425.922
652746.800
607667
4960679

1438.136
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U U2 Ny

U u3 A0UAIBAS

u U4 aonfiauunay
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U U6 duq

A A WU EasNITY

A Al U1

A A2 wr'ls

A A3 Laitiusiu

A A4 hina

A AS AndaU

A AB Tsmyuiau
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A A8 Wi
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SERIES_NO
6

18

62

408
33B
45B

33
35B/408
15

62

41b

17
45C/53C

55B

a

a Q

Q

Area

0.001

0.000

0.003

0.001

0.003

0.000

0.000

0.000

0.001

0.000

0.001

0.001

0.003

0.000

a o

AU UHIVBDUANIIINNITUNANUIN

9 o A

Rl

Tambon_ID
931001
610201
190210
461303
640802
230109
660101
412101
640713
760612
320801
480602
910702

620114
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a o a <3|
au Tasdmungaduooniu 62 9

R

= v = 9 Y o a &’ A a
AYINU Iﬂﬂﬂﬂ]ﬂgﬁﬂi%ﬂ@ﬁﬂ?ﬂ AUA Yaau Lag VHIANUNUVIIYAA U

Area®1000000
1232.659
384.395
3053.658
941.208
3265.913
242.252
186.393
436.653
556.504
440.995
566.007
1076.543
2913.186

376.732
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3.1.8 Yoyailsziamsinagnnae
9 v a [ 9 a 4 o X A
Peyailsziananagnany iWumssiusmveyamanamgmsalgnaaielunum
v 1Y { o { a 4
Uszmaineg Tasnsudesiuuazussmasisauny illdeyalsznoudls Jufadaiumsal,
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A1UAQ, DUND LLAZIININA Lﬂu‘ﬁjﬁlgﬁﬁﬂuﬁjuﬁ 24 93NN 2516 5\1 29 URUI8U 2563 %\‘]Lﬁ’ﬁ]g

Y
o <3| o
ihdeyagail lihiflusaen (Label )

uia dwna Tambol Id #@ma aln Fnnuwiajihu Fnnununu Juriieanumsal T
UATITAI i 302601 drilnarasa ? 4 0 Aug 24, 1973
URATITAN wmin 302602 VUBIUW ? 8 0 Aug 24, 1973
URTTITAIN wmsng 302603 flalsa ? 9 0 Aug 24, 1973
UATTIEFIN wmind 302604 vl ? 3 0 Aug 24, 1973
UATTIHAIN gouiiu 301802 L@ ? 1 0 Aug 24, 1973
dmu a 510401 a ? 17 0 Oct 21, 1976
v a 510402 widiu ? 17 0 Oct 21, 1976
dmu H 510403 UMY ? 23 0 Oct 21, 1976
dmu a 510404 a6 ? 6 0 Oct 21, 1976
du i 510405 fia ? - 0 Oct 21, 1976
dmu a 510406 wiau ? 7 0 Oct 21, 1976
du a 510408 Tl ? 12 0 Oct 21, 1976
s a 510409 L] ? 13 0 Oct 21, 1976
fAmginil wuu 841002 siueu ? ] 1] Apr 16, 1992
e gesnil wuy 841003 ARaYAN ? 1 0 Apr 16, 1992
Junys dagen 220702 viouuu ? 2 0 Oct 3, 2010
Fumys danan 220703 Viuta ? 1 0 Oct 3, 2010
Fumys a0 220705 azmau ? 3 0 Oct 3, 2010
Junys unandow 220604 wi ? 1 0 Oct 3, 2010
Junyd URY 220212 vau ? 6 0 Oct 10, 2010
Funud unandow 220604 i ? 1 0 Oct 10, 2010
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3.3 msdamsveyai lianaa (Imbalance data)
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3.5 MIaiauuUdIang
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Result History . ImprovedNeuralNet (/DDPMonLocal/flood_v2/model/NN_S3_RDRWLSD_8730_NewLabel)
> @ @
g @ &)
O @
= O @
Description O O
...... O ©
2 0 O .
O @
O @
N] O
O D)
O @
O @
O «Q
O @)
QO O

M 3.14 Tassadumsmauveauusiane Inseiiedseaniie

3.5.2 1UVI1a04 Gradient Boosted Tree ( GBT )
o . I Y 3 A tﬂy
1HUVV1A09  Gradient Boosted Tree UJL!ﬂ1'§ﬁ51\1!L‘lJ‘U%Tﬁ'fJ\‘]ﬂllWNﬁ']UiJ'ﬁ]']ﬂ
Decision Tree tazvzdSuljelsz@ninmvesnuiiass Tnoguasiauusiand Decision
] o A A A ~

Tree fl]uﬂ'J'l"l]gL{l]'EJLL‘]J‘]JfI]Taﬂﬁﬂﬂﬂigﬁﬂ‘ﬁﬂ']WQQﬂQ'Q
= o 1 a Jd [ dy
IﬂﬂﬂJﬂ']iﬂ'IWUQﬂ'lW'lﬁ']3JW]'E)3$’I'N"]?I\11‘!

Number of tree = 200, Maximal Depth = 5, Number of bin = 20, Min Rows = 10 il8i¢ Learning

Rate = 0.01
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Result History . Gradient Boosted Model (/DDPMonLocal/flood_v2/model/GBT_S3_RDRWLSD_200_Newlabel)
. Gradient Boosted Model ~ Zoom
4 . Treel yc
Lo J Tree2 Grash
. Tree3 B
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Disaster %od
Model GBT Neural Network
Training Data 6,066 6,066
Test Data 3,826 3,826
Accuracy (%) 85.11 79.04
Recall (%) 72.16 79.04
Precision (%) 94.72 78.97
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1agn1 Precision  9YN 78.97% 151994990 19UUUT1909 Gradient Booted  Tree 11949101
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accuracy: 85.11%

true flood true no flood class precision
pred. flood 1542 86 94.72%
pred. no flood 595 2351 79.80%
class recall 72.16% 96.47%
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TambolID prediction... confidence... confidence... predict_Date avg_rain_... avg_rain_... avg_rain_... max_rain_... max_rain_... max_rain_... sum_rain_...
950118 flood 0.410 0.590 Jul11, 2022... 0 0 0 0 0 0 0

910108 no flood 0.627 0.373 Jul11, 2022... 0 0 2.143 0 0 13 0
901006 no flood 0.639 0.361 Jul11,2022... O 0 3.429 o 0 12 0
830305 no flood 0.554 0.446 Jul11,2022... 0 0.200 16.714 0 1 59 0

901008 no flood 0.492 0.508 Jui1l, 2022 ... 0@ 0.775 2.805 0 1939 10.809 0

950701 no flood 0.546 0454 Julll,2022... 0 0.800 1.286 0 & 3 0

901602 no flood 0.693 0.307 Jul11, 2022 . o 0.800 2 0 2 9 0

950101 no flood 0.619 0.381 Jul1l, 2022... 0 1.600 1.143 0 4 5 0

920105 no flood 0.593 0.407 Jul1l, 2022 ... 0 2.800 2 0 7 7 0

901104 no flood 0.546 0.454 Jul11, 2022 . 0 3.200 4.286 0 8 8 0

940601 no flood 0.507 0.493 Jul1l, 2022 ... 0 5.200 1] 3 13 0

950614 flood 0.423 0.577 Jul 11, 2022 . 0.061 3.875 3.288 0.182 9.596 9.596 0.182
940505 flood 0.423 0.577 Jul 11, 2022 . 0.074 3.981 3.438 0.222 9.841 9.841 0.222
910112 flood 0.320 0.680 Jul 11, 2022 ... 0.118 0.142 2.149 0.177 0.177 10.690 0.355
901007 no flood 0.640 0.360 Jul11, 2022 ... 0.125 0.317 2.159 0.187 0.604 9.695 0.375
910204 no flood 0.547 0.453 Jul11, 2022 ... 0.130 0.156 2.144 0.195 0.195 10.466 0.390
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Abstraet

Flood, Landslide. and Drought are three nanwal
dizasters that freguenily happenad in Thailand. These
situations cause damage ro properties and human
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proposed te build predictive models fo forecast
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A Large-Scale Prediction System for flood forecasting in Thailand
using Big Data and Machine Learning Techniques

Abstract

Global warming is one of the world’s serious
problem and leads to variety of disaster. Flooding is
one of dangerous natural disaster which frequently
happens in Thailand and all regions. When flooding
comes, there is the damages to both of properties,
human well-being, and sometimes bringing death. To
prepare and prevent this natural disaster, the
predictive model is built to forecast the future event
from previous data. The data was collected and used
to train by Machine Learning models, the neutral
network and gradient boosted tree model is applied
Jfor building. These models are widely recognised for
machine learning techniques. The end result of these
models indicates predictive accuracy percentage

which more than 85%

Keyword: Machine Learning, Natural Disaster,
Neural Network, Gradient Boosted Tree

1. Introduction

One of the significant problems caused by Global
warming is natural disaster which happened around the
world. There are different types of natural disaster such as
floods, landslides and droughts, these serve the damages
to all casualties that affects either properties or lives. To

prevent and mitigate these several disasters, the problems

was investigated and developed the tools to predict the
likelihood of these various disasters. To build the model
with high various technologies, there are 4 major
approaches applied [1] which name (1) Conceptual model,
(2) Physics-based model, (3) Metric model, (4) Hybrid
metric-conceptual. First two of these methods are highly
accurate as they are based primarily on physical data. But
it requires a high-performance computer to process. For
instance, Geographic Information System (GIS) to
indicate the probably flooding area in Ang Thong [2],
forecast the floods in Sadao district, Songkhla by using
GIS and found that there are some areas which has heavy
and slight floods from research of Phenpraphai Phothong
and team [3]. Lastly, Charatdao Kongmuang and team [4]
was apply GIS to develop and predict urgent flooding in
Sukhothai. Moreover, GIS was applied to analyse and
estimate in probable floods area e.g., Surat Thani [5] and
Phetchabun [6]. The point view of these example can
imply that the specific area is researched due to the
physical data and limitation. In contrast, last two methods
are numerical calculation for example machine learning
methods which can applied with all areas and faster, the
accuracy is less than first two approaches. There are plenty
of research that used these methods. According to Nipon
Theera-Umpon and team develop floods prediction model

in Chiang Mai using Support Vector Machine (SVM) one
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of efficiency machine learning model. As well as that
Yuphin Chaisamapharn applied Artificial neural networks
(ANN) to foresee the flooding in Chiang Mai in 50 years
later and Supattra Puttinaovarat and Paramate Horkaew
research that adapt Bid data technology, Crowdsource
Data and machine learning techniques to foretell the
flooding in Surat Thani and Nakhon Si Thammarat.

From the previous research have seen that researchers
specify the either analysis or prediction such as foresee
flooding only or forecast the probability of landslides and
the research point only some specific areas e.g., Chiang
Mai, Songkhla. In fact, there are plenty of storage system
which can collect data from other departments that store
data near real time. These data are called Big data and it
can be one of the imperative factors in analysing and build
the capable model.

Consequently, to analyse and develop model to
prognosticate the 3 relative natural disasters which are
floods, landslides and droughts in large-scale of all area in
Thailand. The model will consolidate all data from all
departments and using machine learning techniques to
analyse data.

The next part of this paper will describe the research
approaches to investigate and develop model to presage
the natural disasters following the CRISP-DM. The next
topic will discuss about data understanding, data
exploration and preparation, machine learning approaches
and the model efficiency and next action in topic 2,3,4 and
5 respectively.

2. Data Understanding

This research focuses on floods disaster,
flooding is related to the quantity of water that means if
there is rainfall or the quantity of water in water source is
more than the average, the flash flood can be occurred.
Hence, this topic will illustrate about source of information

that selected to build the flood model. The data is divided

into 2 parts. static data (1) and dynamic data (2). The static
data is the data that once recorded there is not any changes,
it might only one time updated, inversely dynamic data is
the data that has continue changes after it saves as the
example is data of quantity of rainfall. Next secondary
topic will explain about water sources and additional data
of each disaster.

2.1 Information related to various water sources
Cause of flooding is water, the majority reason that related
to quantity of water is rainfall. To clarify this cause, where
has it rain more than that area can handle, it might be a
chance of floods. The rainfall data is dynamic data which
can measure from telemetry in each based station in
Thailand and the data from based station will be sent to
system as scheduling. To illustrate that, every 10 or 15
minutes the data will be sent, the format of data contains
the data of quantity of water, rainfall, etc. All these data
are sent from Thailand’s government department, public
organisation and state enterprises e.g., Thai
Meteorological Department [11], Hydro-information
institute (HII) [12]. Thai Meteorological Department has
the predictive rainfall system which use high performance
computer (HPC) in the processing, this system can project
the rainfall in 10 days later, but all of the information
depends on the observation areas. The observation area
depends on area characteristics, if there are less
information in the area means that the extrapolation will
be less than the larger area.

Not only rainfall information is used, the
quantity of water from water source is also the factor to be
flood as water in the river or any main river. If the quantity
of water in the river is more than usual, it might affect with
the coast of river. Besides that, the quantity of water in the
dam, if the water in dam is over the expectation, the dam
failure can be happened. Thus, dam will be released the

water and it leads to flooding in toe drain area. For source
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of data, these data are sent from the sensor which settle in
each station e.g., coast, dam. All these of data is gathered
from Royal Irrigation Department and the quantity of
water in dam gather from Electricity Generating Authority
of Thailand (EGAT) the data from both sources is kept by
HII[13, 14].

2.2 Other Data

The additional data is the static data because the
updated data is quite not recorded. The example of this
case is repeated flooding area that represent the area of
flooding and the number of floods. The information about
type of soils which receive from Land Development
Department (LDD) represent the type of soil in each zone.
To build the machine learning model, the raw data is
needed not only region, but time duration and period is
also the most dominant factors consolidate from
Department of Disaster Prevention and Mitigation
(DDPM) system which consist of the previous data from
B.E. 2561 to B.E 2563.

3. Data Preparation

In term of data preparation, firstly, the data will
be prepared from data sources and the data table was
created called ‘ Analytica Base Table (ABT). The smallest
area in this research will focus in the subdistrict, so the
data from topic will be established in subdistrict. The
dynamic data such as rainfall, quantity of water in the river
might bring the error, to prevent the error percentage the
outlier will be consider and check. This research use Inter
Quartile Range (IQR) to search for the irregularity data. In
addition that the quantity of rainfall are not in the
subdistrict unit, the spatial interpolation is applied to each

of subdistrict by calculation Inverse Dist:

Weighting
(IDW) which is the method to determine the unknown

value from multivariate improvement from knowing
resources.

Before building the model, specific attributes or variables
which identify characteristic of subdistrict and the relative
factors of disaster are created. To produce the rainfall
attributes in this research will refer from the 3-7 days
previous statistical data such as cumulative rainfall in
3/5/7 days, the average rainfall in 3/5/7 days.

Since disaster is not happen to all subdistrict and it also
happened in the particular period in B.E 2561 to B.E.
2563, the imbalanced data occurs with the data set for
building model. For illustrate, during flooding in some
territory is the small number when it compares with the
number of subdistricts in Thailand. To resolve this
imbalanced data problem, under sampling method is

adapted to balance the data equally.

4. Modeling

When data preparation completed, model is built in term

of machine learning. Machine learning techniques consist

of 2 categories which are (1) unsupervised learning and (2)
supervised learning. Unsupervised learning works as
grouping the similar data in the same group e.g., clustering
which is different from supervised learning. Supervised
learning is built from learning previous data such as
classification. This research will apply supervised learning
model by using previous disaster data to forecasting flood
and the model will be created by using Gradient Boosted
Tree model and Neural Network model which will

describe in the next topic.
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4.1 Gradient Boosted Tree: GBT

Gradient Boosted Tree is one model in Ensemble which
has the definition that using vary model will get more
efficiency, this model bases on Decision Tree model and
selected data bases on boosting methodology to build the
decision tree model. Boosting methodology is to create
and build model repeatedly. Each round of forecasting,
model will select previous wrong prediction result to
learning, which help model to be more efficiency and
increasing the percentage of correction. At the end of
process, there will be a lots of decision tree and model will
vote the result of each trees as the final result. The model

works as the figure2 show below.

N /<\ 7N,
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Figure 2: Gradient Boosted Tree model

4.2 Neural Network: NN

Neural Network is a model based on the simulation of the

q

human brain, which ists of inter

and the transmission of electrical currents to the next
neuron. In the neural network, there are many nodes which
can be divided into 3 layers: Input layer, Hidden layer and

Output layer. The model works as the figure3 show below.
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Figure 3: Neural Network model

Input layer is the first layer of neural network model, there
are number of nodes equal number of attributes in training
data.

Hidden layer is the second layer of neural network model,
there are number of nodes is based on that we set. Each
node of hidden layer must be connecting all input nodes.

And edge connecting between an input node and hidden

node had a weight will be adjusted until the appropriate
value is obtained from learning.
Output layer is the last layer of neural network model,

there are number of nodes equal answer or result class.

5. Evaluation
To describe the efficiency of flood forecasting model so,
the data was divided into 2 parts which are the data during

B.E. 2561 — 2562 and the data during B.E. 2563.

5.1 Model performance metrics
There are the standard evaluation factors to evaluation the
model efficiency, the factor will be shown below.
®  Precision: Precision will evaluate the accuracy
of model prediction by consideration the type of
answer
® Recall: Recall shows the correct value of model
prediction separated by type of result
®  Accuracy: Accuracy was the efficiency value the
result will be represented in percentage; the

result will consider from all type of answer.
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5.2 Result

The performance of the flood forecasting will be shown in

table below
Disaster Flood
Model GBT NN
Training Data 6,066 6,066
Test Data 3,826 | 3,826
Accuracy (%) 85.11 79.04
Recall (%) 72.16 | 79.04
Precision (%) 94.72 | 7897

Table 1 Shows the performance of the flood forecasting
model.

The performance result from table 1 shows the
efficiency of Gradient Boosted Tree model prediction
which has a precision value of more than 90%. Moreover,
the result of this model also presents the accuracy and
recall value, which higher than 60% from unbalanced data.
Therefore, it implies that the models relative to the
previous set of data selected to forecast more than the

Neural Network model.

6. Deployment

The result was deployed via the website of Department of
Disaster Prevention and Migration, Ministry of Interior
Thailand. The model was scheduling to pull the data from
other sources and predict the tomorrow situation in each

area in Thailand.

7. Conclusion

To sum up, forecasting flood by analysing and developing
machine learning model using big data from Thailand
organisation and ministries get the accuracy result more

than 80%
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