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The occurrence of storms and other severe weather phenomena can result in fatalities,
injuries, damage to significant properties, and delays in trade and transportation. This research
aims to develop an application using the machine learning techniques to forecast areas which are
prone to storm risk in Thailand. The research also attempts to show similarities between previous
storms and the latest ones based on alert data of storm events, historical data of storm events, and
weather information. The results reveal that the forecast combining current weather information
with weather information of one day in advance, which includes 11 features at Learning Rate 0.01
and Training Cycle 160, generates 66.77% class recall of storm warnings and 74.24% of no storm

warnings at 70.21 accuracy. The model can also compare the historical data of storm events with
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3.1.1 6UE]ll.u'ﬁ’tffﬂ'I‘W't’]’l‘ﬂ’l?fﬁl]'lﬂ NINUYAUININYGT

Row No. id Region Station_N... ~ Station_ID  Lat Lon Date_Time WD WD_Deg ws cum
1 000058de-7...  Northem LAMPHUN 9 18.567 99.038 Sep 12, 202... 200 CALM 2500 30.
2 00006d1£-d5... Central KHAO KHEOW 45 14.362 101.393 Nov 30, 201... 41 HE 4300 18.
3 0000b060-8...  Northem LAMPHUN 9 18.567 90.038 Feb 16,202... 336 CALM 2.500 24.
4 0000blda-7... MNorthem UTTARADIT 18 17.617 100.100 Apr1,2018.. 161 SSE 7.600 3.
5 0000cfb7-bb... Northem DOI MUSIR 17 16.752 98.935 Jun 4, 2020 ... 251 WSW 7.200 2.
6 00002960-f5... Northem LAMPANG 20 18.278 99.506 Apr14,201... 136 CALM 0 30.
7 00010416c...  Central TAK FA 24 15.349 100.530 Apri3, 202.. 99 E 14 2
8 0001460f43... MNorthem CHIANG MAI... 1 18.843 99,068 Mar22, 201... 199 s5w 9 27
s 0001b50f-54... Northem Thung Chang 96 19.408 100.882 Dec21, 201... 234 SW 6.100 30
10 0001d18¢-0...  Northem Wichan Buri 98 15.657 101.105 Jan 15, 2020... 235 CALM 3.600 31
11 0001e5b9-d.... Northern Thung Chang 9% 19.408 100.882 Mar 13, 202... 192 CALM 0 17.
12 00023feb-c6... Northem PHAYAD 14 19.193 99.884 130, 2019.. 94 CALM 3.200 28.
13 00024828-0...  Eastem KHLONG YAI 39 11.780 102.878 May 17, 201... 209 SSW 8.600 3.
14 000259d0-c... ~ Northem UMPHANG 8 16.025 98.860 NS, 2018... 179 CALM 0.400 28.
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3.2 M3M3ENTOYA (Prepare Data)
3.2.1 1INTOYATMNOINATIUIY 2,338,065 AI0819 WUNT Missing values 8¢ 1A%
119 Remove missing values aaﬂmﬁeﬁaadwﬁl’wmﬁm’m 2,267,368 f70819
322 thinsdfudasudeyanedr Tunadudeyauuusietulasavesqadnyuzas 19

STl a vy o 1
Lﬂummammu "lﬂelJ@iJ“'dﬁ'nJ 96,968 AIBDYN

aggregation attribute aggregation functions
WD ¥  average v
ws ¥ | average v
Cur_Temp ¥  average v
Humi ¥  average v
Pres ¥  average v

MU 3.4 taaansmamasvosnuanyuziauleIag RapidMiner Studio

o . A YA o ' o A (Y 9 Y A o
3.2.3 11 Interpolation tie 1# T uansunewi lihiyenTeeny doyamsusudounane
(Label) (21ndoyad 1A91nN13 Remove missing values $1U7U 96,968 A29819 31 1,071 Ju 5
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tambon_id Lat Lon date_part predict_Cur_Temp _Humi _Pres _WD _WS
100101 13.751 100.492 Apr 1, 2018 27.612 83.219 1007.478 160.592 3.274
100102 13.744 100.499 Apr 1, 2018 27.612 83.230 1007.478 160.555 3.274
100103 13.750 100.499 Apr 1, 2018 27.612 83.230 1007.478 160.583 3.274
100104 13.751 100.503 Apr 1, 2018 27.611 83.235 1007.478 160.587 3.275
100105 13.754 100.497 Apr 1, 2018 27.612 83.226 1007.478 160.603 3.275
100106 13.753 100.500 Apr 1, 2018 27.611 83.231 1007.478 160.599 3.275
100107 13.757 100.501 Apr 1, 2018 27.611 83.232 1007.478 160.617 3.276
100108 13.760 100.498 Apr 1, 2018 27.611 83.226 1007.478 160.629 3.276
100109 13.762 100.495 Apr 1, 2018 27.611 83.222 1007.478 160.641 3.276
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