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Random Forest RF)< &-&st9th. 499 T4 F57& E7cte 452 RF €112|E°] ANN gue|gHo 7¢
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Abstract

Precipitation data is one of the essential input datasets used in various fields such as wetland management,
hydrological simulation, and water resource management. In order to efficiently manage water resources using
precipitation data, it is essential to secure as much data as possible by minimizing the missing rate of data. In
addition, more efficient hydrological simulation is possible if precipitation data for ungauged areas are secured.
However, missing precipitation data have been estimated mainly by statistical equations. The purpose of this study is
to propose a new method to restore missing precipitation data using machine learning algorithms that can predict
new data based on correlations between data. Moreover, compared to existing statistical methods, the applicability
of machine learning techniques for restoring missing precipitation data is evaluated. Representative machine learning
algorithms, Artificial Neural Network (ANN) and Random Forest (RF), were applied. For the performance of
classifying the occurrence of precipitation, the RF algorithm has higher accuracy in classifying the occurrence of
precipitation than the ANN algorithm. The Fl-score and Accuracy values, which are evaluation indicators of the
classification model, were calculated as 0.80 and 0.77, while the ANN was calculated as 0.76 and 0.71. In addition,
the performance of estimating precipitation also showed higher accuracy in RF than in ANN algorithm. The RMSE
of the RF and ANN algorithms was 2.8 mm/day and 2.9 mm/day, and the values were calculated as 0.68 and 0.73.
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Fig. 1. Conceptual diagram of ANN algorithm
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Fig. 2. Conceptual diagram of RF algorithm
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Step3. Evaluation of results
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n_estimators: 200 # of layers: 3

min_samples_split: 5 # of neurons: 32

max_depth: 23 batch_size: 48
epochs: 150

Fig 3. Flowchart of this study
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Table 1. Confusion matrix for evaluation of classification results

Detected Observation

Positive Negative
Positive TP FP
Negative FN TN
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Fig. 6. Classification results of two algorithms (a) RF and (b) ANN
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True label

Table 2. Parameters of ANN and RF algorithms

ANN
number of layers 3
number of neurons 32
batch size 48
epochs 150
RF
n_estimators 200
min_samples_split 5
max_depth 23
max_features ‘auto’

Table 3. Confusion matrix of ANN and RF algorithms.

ANN
Accuracy 0.71
Recall 0.93
Precision 0.64
Fl-score 0.76
RF
Accuracy 0.77
Recall 0.91
Precision 0.71
Fl-score 0.80

Recall2 ANN©] 0.93, RF7} 0912 FAFRH gto 2 Aktx]
At

43 29% 23 45 Hla
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Fig 7. Scatter plots of references and estimated precipitation from (a)RF, (b)ANN, (¢)IDW, and (d)AVG. (Upper): precipitation
ranged from 0 to 60mm, (Bottom): precipitation ranged from 0 to 10mm.
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