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Independent Study Title

Author
Independent Study Advisor
Department

Academic Year

Floods and landslides occur in many areas in Thailand, causing harm, loss of life and
property, as well as impacts on environment and economy. This research was carried out to
forecast areas which are prone to landslide risk in Thailand. The objective was to identify
variables or important and suitable factors in forecasting landslide susceptible areas by applying
machine learning techniques to develop a model and a tool that could provide forecasting data on
landslide susceptible areas. This research was part of the national project for warning system
improvement. Variables deemed important and suitable were selected to develop a model in order
to yield effective results. In this research, feature selection was performed using the Chi-Square
test. The results showed that selection of a variable with a weight greater than or equal to 10 to

develop a neural network model provided the best performance. According to the evaluation of

A LARGE-SCALE PREDICTION SYSTEM FOR
LANDSLIDE IN THAILAND USING MACHINE
LEARNING TECHNIQUES

Chotima Deepat

Dr. Eakasit Pacharawongsakda

Big Data Engineering

2021

ABSTRACT

the model’s effectiveness, Recall was 70.97% and Accuracy was 64.70%
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Actual Class

Positive (P) Negative (N)
Positive (P True Positive (TP False Positive (FP
Predicted ve (P) N ve (TP) ve (FF)
Class _ . .
Megative (N) False Negative (FN) True Megative (TN)
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101203 0 0 0 0 0 0 0 0
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102401 0 0 0 0 0 0 0 0
103202 0 0 0 0 0 0 0 0
104201 0 0 0 0 0 0 0 0
104902 0 0 0 0 0 0 0 0
110101 0 0 0 0 0 0 0 0.311
110112 0 0 0 0 0 0 0 0
110116 0 0 0 0 0 0 0 0
110117 0 0 0 0 0 0 0 0
110201 0 40.202 16.285 0 0 0 0 0
110304 0 0 19.136 0 0 0 0 0
110401 0 0 0 0 0 0 0 0
110404 0 0 0 0 0 0 0 0
110405 0 0 0 0 0 0 0 17.057
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10 avg rain_7day Winanhrumndsdounds 7 5u 43.00918457
11 max_rain_7day Suahrugagadounds 7 5u 35.27101623
12 risk_level =3 iR 185 umansenunnaLaay (Wesnn 31.08447951

50% VD 1YIIU) Wi lanainuazihsion

AUNAU (WINNIT 50% VoINTIL)
13 SERIES_47 nquyAALi 47 27.60594375
14 SERIES_05 AQUYAAUN 05 19.52387652
15 SERIES_Othor ﬂfjuwﬁuéuq 18.16563023
16 SERIES_12 nguyAALN 12 16.26277684
17 SERIES 48 NQUYAAUN 48 15.64792448
18 SERIES 13 ﬂfngﬂﬂuﬁ 13 12.58694288
19 SERIES_45 nguARu 45 12.26381539
20 SERIES 07 ﬂdwﬂﬁuﬁ 07 12.14103753
21 SERIES 21 NQUYAALN 21 12.05475575
22 SERIES 33 ﬂangﬂﬁuﬁ 33 11.62891353
23 SERIES 56 ﬂajmsaﬁmi 56 11.27272272
24 SERIES 46 NQUYAAUN 46 11.24498667
25 SERIES_60 ﬂajmsaﬁmi 60 11.12126379
26 SERIES 44 NQUYAAUN 44 11.08837628
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fud | Yosmls ANNrNgven s Animin
27 SERIES_29 AQUYAAUN 29 10.56931936
28 SERIES 34 NQUYAAUN 34 9.636909661
29 SERIES_40 NYUYAAUTN 40 9.37867396
30 SERIES 26 AANYAAUN 26 9.155029849
31 SERIES 20 AQUYAAUN 20 9.147215727
32 SERIES_52 NQuUYAALN 52 8.780636813
33 SERIES 39 NQUYAALN 39 8.618146758
34 LUGROUP=A2 | dszTomimsldnaungu A2 8.450476335
35 SERIES_35 NQUYAAUN 35 8.42109396
36 SERIES_38 nguYAALN 38 7.981446847
37 SERIES_17 nauYAAUN 17 7.568581516
38 SERIES 03 NQUYAAUN 03 7.518449598
39 SERIES_50 NYUYAAUTN 50 7.226762419
40 SERIES_08 nQuYAAUN 08 7.143586042
41 SERIES_55 NANYAAUTN 55 7.058738712
42 SERIES_32 NQUYAALN 32 6.97721716
43 SERIES_22 nQuYAAUN 22 6.907110818
44 SERIES_06 NYUYAAUTN 06 6.508919481
45 SERIES 53 NANYAAUN 53 6.475153837
46 SERIES 31 nauYAALN 31 6.188104779
47 SERIES 18 nguyAALN 18 5.91945518
48 LUGROUP=A6 | UszTemimsldiaungu A 5.807890849
49 SERIES_59 nquaARL 59 4.915431439
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fdui | Fesmls ANNKINEvaIfIls mimii
50 LUGROUP=M | dszTomimsldfaungu M 4.819271522
51 LUGROUP = W Usz Teminmsldnaungu w 4751575784
52 LUGROUP=A9 | dszTomimsldnaungu A9 4.469322532
53 SERIES_28 nQuYAAUN 28 4.100508009
54 SERIES_15 NQUYAAUN 15 4.035604774
55 SERIES_49 NQUYAALN 49 3.972694557
56 SERIES_43 NAUYAAUTN 43 3.910231417
57 SERIES_61 NANYAAUTN 61 3.637386114
58 SERIES 51 NAUYAAUN 51 3.620524454
59 LUGROUP=A4 | dszTomimsldiaungu A4 3.604257853
60 SERIES_41 NANYAAUN 41 3.596594423
61 SERIES_30 NQUYAAUN 30 3.565897789
62 LUGROUP-M2 | dszTemimsldfiaungu M2 3.554421735
63 SERIES_02 NAUYAALN 02 3.414183741
64 SERIES_25 NANYAAUTN 25 3.373303691
65 SERIES_01 NANYAAUTN 01 3.34389502
66 LUGROUP-A3 | dszTemimsldiaungy A3 3.274623255
67 SERIES_04 nquyARLT 04 3.107116444
68 LUGROUP = U NguYARLDUY 3.103301884
69 SERIES_19 nquaAAL 19 3.080264187
70 SERIES_10 nquyAAUT 10 3.00214684
71 risk_level = 2 iR 1d5umanszmmnaunay nazihih | 2.858097874

Twarain 1N 50% voanyiin)
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fdudt | Yosamls ANURINBYD IR M A
72 SERIES_42 nQuUAYAALN 42 2.804065482
73 SERIES 58 NQUYAAUN 58 2.70674724
74 SERIES 23 NYUYAAUN 23 2.693565948
75 SERIES 14 NQUYAAUN 14 2.524328253
76 SERIES 36 NYUYAAUN 36 2382046135
77 LUGROUP =F NYUYAAUDUC 2.330883684
78 SERIES 37 nguYAALN 37 2.28857318
79 LUGROUP = Al UszTomimsldfiaungu Al 2.258845132
80 SERIES 24 NAUYAALUN 24 2.247575382
81 SERIES 11 ngugAALN 11 2.239036812
82 risk_level = 4 Muiiidsumansznunn dithlvawain | 1963770577
wazshusungy wie 1@ unanszny
nnaunaulasase (i Temanaaunay)

83 SERIES_54 NQNYAAUN 54 1780046576
84 SERIES_16 NYUYAAUN 16 1.448440416
85 SERIES_64 NQNYAAUN 64 0.934468961
86 SERIES 27 NQUYAALN 27 0.564120756
87 LUGROUP = A3/F sz TonimslRaungu A3/ 0.560208228
88 LUGROUP = A¥/A4 | UszTewimsldfaungu A3/A4 0.373314635
89 LUGROUP = M1 Usz TomimslFiaungu M1 0.373314635
90 SERIES 09 nquIARL 09 0.373314635
91 SERIES 77 ﬂtcjwmﬁuﬁ 77 0.373314635
92 LUGROUP=U/A4 | dszTominmsdiiaungy U/ad 0.260546759
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M319N 4.1 (919)

fdui | Fesmls ANNKINEva IRl mimii
93 SERIES 57 nguyARwi 57 0.186578626
94 SERIES 63 nguyAALd 63 0.186578626
95 LUGROUP = F0 UszToims1dfaungu Fo 0.002868838
96 LUGROUP = Al/A4 | UszTomnims19fiaungu A1/a4 0

97 LUGROUP = Al/A9 | Uz Toanims19fiaungu A1/A9 0

98 LUGROUP=AIM | dszTomimsldfaungu Alm 0

99 LUGROUP = A2/A3 | UszToanimsldfiaungu A2/A3 0

100 | LUGROUP=A2M | dszleomimsldfaungu A2m 0

101 LUGROUP = A3/F0 | 13z Toanims1dfiaungu A3/Fo 0

102 | LUGROUP=A3M | 1selemimsldfaungy A3m 0

103 LUGROUP = A4/A5 | U3z Temimsldfiaungu A4/As 0

104 LUGROUP = A4/F sz Tonims14naungu A4/F 0

105 | LUGROUP=A4M | selemimsldfaungy A4m 0

106 | LUGROUP = A7 UszTonims14faungu A7 0

107 | LUGROUP=FF0 | 1seTemimsldfaungy F/Fo 0

v ]
(3

= Y o o o A = o o A o v A =R o v
AMMNANTT NN 4.1 1ﬂu1ﬂjllﬂ3a1ﬂﬂﬂ 1 9N A19UN 27 LAZAIAUN 1 D3a19UN 95111J

o (% { [ %,‘ v 1 [ Y] o
asranuuiaedTasdulsntanimiingu o a2 luldsumsaaden lladauuuiiaos
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Y o &' d'd'd d' Yo a Aa U
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KRR

Y o

tiagRandom Forest 1A81%11/511n53 RapidMiner lANafan15199 4.2

& 9y o ] A
ullﬂfmmi‘i/lﬂa?NﬁSNu‘ummﬂﬂﬂiwmﬂizﬁmm&m (Neural Network)

MmN 42 wamsaiuuyudiaesInseiiedszamifion (Neural Network) HagRandom
Forest
Select Recall Precision
Model feature by | Class Class Class Class Accuracy
weight Landslide | No Landslide | No
1 G
UINNIYID
Neural Network Vo 70.97% 64.60% | 3.01% 99.31% | 64.70%
MmNy 10
Neural Network 11NN 0 61.29% 78.45% | 4.22% 99.24% | 78.19%
1 G
UINNINYID
Random Forest . 54.84% 74.95% | 3.28% 99.07% | 74.64%
My 10
Random Forest 11NN 0 64.52% 72.60% | 3.52% 99.25% | 72.48%

NMINNUNULVT1aTAT9ed5 e MiAey (Neural Network) N1 1g@2ual3nal

4

J % @ 4 . 1 T W =\ a A 4 A A
A1111In 1AduAIS (Chi-square) MINANHToAD 10 HUszansanlunensalnunng

d' Yo a A 1 d'dd'
ﬂ’JUJLﬁEJ\‘]U],@‘i‘UNﬁﬂi%‘ﬂ“ﬂ%1ﬂﬂ1ﬂﬂ@ﬂu1ﬂﬁuﬂa1]1/]@‘1/]’(3(@1@EIGI,

[

Precision @Ejﬁ 3.01% aga Accuracy
a 1 A A 1 ddy Y o v
NITTUIVINA Recall nuINNYA LWiTS'ﬂiUﬂiﬂ!Hiﬁﬂ'ﬂNﬁ? 3]

negative 30 M3u1e3 LinaLanuITURANN

g 64.70% Fad K9

D.

nga

(%

#A1 Recall 0g# 70.97% A

v

A A o A A
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M35190 4.3 uaaINan1snNaaoUlszanI MU UIIa0d InTav1elssainiey (Neural

A Y o A 901 o 1 A ' o
Network) nlgaudsnianhvinNNMUIOWNINY 10

D39
na laiifa class precision
Aulnauaan aulpauaan
1na

- , 22 708 3.01%

' ) Aulnauaan
ANENID ;
3ina
- , 9 1292 99.31%
Aulnauaan
class recall 70.97% 64.6%
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prU | CIT=

s1gviuWunLFeviasunans-nuonaulraundu

GRADUATE _n.u“ﬂuqh. _:%‘H.Mzm .
w.vIOO_. Q_E...,_.ﬂ:n; :Ni h_m e
¢
Year Month Day
. =¥ e
r\\w 2020 N August v 23 v
Loikaw _|>0m - _U
District 1
g forbnry B WuRldsunans:nu
) S <
i ,
|\h -
f 3 5 5
}
L
/f,
Hpa Sy JoH3Q duno dia
Moulméin Kalasin "

v : Status | msudvifiou | Tamawia i} 1Zau  Jwoudsztins | W

I |_|_I_ >_ _I>Z _U Landslide 062 JoHIouws gunagoliu chuafre 3,641 9,641

r. Nakhon Ratchasima Landslide 060 JvH3aHUDVAEY gnadonu cdvadiuoo 1018 3,294
\ . Landslide 058 JoHlouws Sunaasv dwauduiu 1128 2,932
Ayutthaya - — . .

d : \.\ - I 013 Jon3amn DUNDWUWS: huagovunu 6,156 13,806
..., Bangigy”: St Praian J I Landslide 070 JoH3atiu unals cdhuaama 798 2,863

\ angkalk *
¢ mw_:ag:; m >§ m I Landslide 066 Joxiauu Sunarjotho chuauau 1,045 2,750

]
Mergli I 015 JoHIounAsASsssusI  Snarman dwaas:uia 3122 8,952
N _» . IE 049 JoH30US:0IUASIUE  Sunanuud chuarmauiu 3,605 n176
A . . . »

Y b, Phnom penn_ I 049 JonS0as:us Sunaurionss dwafudou 1365 3569
.U.ﬁ. I 049 JoH30as:US unalald chuaasucanly 3,757 7551
,\L R xmanﬁ_ﬁ. I 049 JoH30US:2IUASIUS dnaldoods:0oudAsdus  divagialdos 9,351 25,285
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