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A Large-Scale Drought Forecasting with Machine Learning
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Abstract

The objective of this research is to predict the occurring of drought in each sub- district in
Thailand and to build the best model for predicting it. The best model is created by finding the highest
recall where the corrected prediction of drought happening and not happening has the closest gap
between two numbers. According to rainfall data and drought risk index (DRI) along with using
machine learning models, Neural Network, Gradient Boosted Trees and Random Forest with

RapidMiner and Automated machine learning (AutoML) from H2o.ai. The research results showed
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that the Neural Network model having the learning rate at 0.01, Training cycle at 50, momentum at 0.1
with 28 attributes had the best performance comparing with other models in the experiments. With the
use of the best model, the recall of correct prediction of the drought occurring was 64.43% and the
drought not occurring was 65.29%.

Keyword: Drought, Drought Risk Index(DRI), Rain
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Attribute | number of tree Maximal depth voting Strategy criterion Weight mean recall
21 343 100 confidence vote gain ratio 0.6405
21 343 91 confidence vote gain ratio 0.6402
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order Attribute ‘Weight by Information Gain order Attribute ‘Weight by Information Gain

1|avg_rain_Liday 0.031 18|avg_rain_3day 0.008
2|sum_rain_15day 0.031 19]sum rain_3day 0.008
3|avg_rain_l3day 0.0251 20|max_rain 3day 0.0072
4|sum_rain_13day 0.0231 21|median(dr_band 3_mean) 0.0072
Slavg_rain_llday 0.0197 22| maximum{dri_band 2 _max) 0.0072
6|sum_rain_11day 0.0197 23|median(dri_band_2_mean) 0.007
7|sum_rain_Sday 0.0188 24|rain - 0 0.0062
8lavz_rain_Sday 0.0187 25|max_rain 3day 0.0038
9lave_rain_7day 0.0186 26| maximum{dri_band_1_max) 0.0056
10|sum_rain_7day 0.0186 27| median(dr_band 4_mean) 0.0039
11|max_rain_15day 0.0171 28| median(dri_band_1_mean) 0.0032
12|max_rain_13day 0.0164 29| maximum(dri_band_3_max) 0.0023
13|max_rain_1lday 0.0139 30| maxinum(dr_band_4_max) L]

14|avg_rain_3day 0.0122 31 dri_band_1_min) L]

15|sum_rain_Sday 0.0122 3 dri_band 2_min) L]

16|max_rain_9day 0.0112 3 dri_band 3_min) L]

17|max_rain_7day 0.01 34| dri_band 4_min) L]
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Model Max Weight mean recall
Tasenelszanmey 69.20%
Random Forest 64.80%
Gradient Boosting Tree 54.03%
AutoML 51.07%
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True Drought True No Drought Class Precision
Pred. Drought 346 1,329 20.66%
Pred. No Drought 191 2,500 92.90%
Class Recall 64.43% 65.29%




Input Layer Output Layer
avg_rain_l5day sum_rain_Sday Drought
sum_rain_15day max_rain_9day No Drought
avg_rain_l3day max_rain_7day
sum_rain_13day avg_rain_3day
avg_rain_llday sum_rain_3day
sum_rain_l lday max_rain_Sday
sum_rain_9day median(dr_band_3_mean)
avg_rain_9day maximum(dri_band_2_max)
avg_rain_Tday median(dn_band_2_mean)
sum_rain_7day rain -0
max_rain_15day max_rain_3day

max_rain_13day maximum(dri_band_1_max)
max_rain_1lday median(dr_band_4_mean)
avg_rain_Sday median(dr_band_1_mean)
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Province Name District Name

Drought in Thailand

46 241 484
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FANWIY NAAUTIAT(2563), Random Forest. https://guopai.github.io/ml-blog10.html
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FIAU WNAANITA , ITVUATaUNANUNITIINYAN.

https://negistda.kku.ac.th/drought/ed _method.htm
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ONANT WHIIAANA (2558), M3faaen feature (feature selection) @385 Information Gain.
https://th.linkedin.com/pulse/NIAALADN-feature-selection-A 875-information- gain-
pacharawongsakda

Mr.P L(2562), Deep Learning !lUUﬂﬁUﬂMﬁ]ﬁﬂJﬁm EP 1 : Neural Network History
hitps://medium.com/mmp-li/deep-learning-ttUURTUAUA ﬁifg ¥U-ep-1-neural-network-
history-f7789236a9a3

nimda (2560), &3 ey http://droughtv2.gistda.or.th/?q=content/d§ U

unknown (2556), M35152314MB 39 (Interpolation)
http://databasegis.blogspot.com/2014/02/interpolation.html

Databricks, Neural Network. https://databricks.com/glossary/neural-network

Rafael Tieppo (2561), Inverse Distance Weighting (IDW) Interpolation
https://rafatieppo.github.io/post/2018 07 27 idw2pyr/

Stylianos (Stelios) Kampakis, Gradient boosted trees https://thedatascientist.com/gradient-boosted-

trees-python/



