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Abstract

In recent years, natural disasters such as heavy rainfall and typhoons have occurred more frequently, and their severity has increased due
to climate change. The Korea Meteorological Administration (KMA) currently uses the same criteria for all regions in Korea for watch and
warning based on the maximum cumulative rainfall with durations of 3-hour and 12-hour to reduce damage. However, KMA's criteria do
not consider the regional characteristics of damages caused by heavy rainfall and typhoon events. In this regard, it is necessary to develop
new criteria considering regional characteristics of damage and cumulative rainfalls in durations, establishing four stages: blue, yellow,
orange, and red. A classification model, called DSCM (Disaster Severity Classification Model), for the four-stage disaster severity was
developed using four machine learning models (Decision Tree, Support Vector Machine, Random Forest, and XGBoost). This study
applied DSCM to local governments of Seoul, Incheon, and Gyeonggi Province province. To develop DSCM, we used data on rainfall,
cumulative rainfall, maximum rainfalls for durations of 3-hour and 12-hour, and antecedent rainfall as independent variables, and a 4-class
damage scale for heavy rain damage and typhoon damage for each local government as dependent variables. As a result, the Decision Tree
model had the highest accuracy with an F1-Score of 0.56. We believe that this developed DSCM can help identify disaster risk at each
stage and contribute to reducing damage through efficient disaster management for local governments based on specific events.
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Fig. 1. Location of study area and weather observation station

Classification Variables Min Max Mean Standard Deviation | Coefficient of Variation
Gyeonggi Rainfall (mm) 0.00 23.46 0.15 0.77 5.21
Province Amount of Damage (1,000 won) 79 3,037,521 39,170 104,699 3.59
Rainfall (mm) 0.00 46.59 0.15 1.05 7.24
Seoul City
Amount of Damage (1,000 won) 6,750 169,258,080 | 10,296,525 36,774,229 3.57
Rainfall (mm) 0.00 35.04 0.13 0.81 6.42
Incheon City
Amount of Damage (1,000 won) 750 3,565,714 670,760 1,100,388 1.64
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Fig. 2. Conceptual diagram of decision tree model
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Table 2. Confusion matrix for performance evaluation of the model
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Fig. 7. Conceptual diagram of SMOTE method (Alencar, 2018)

Table 6. Comparison of F1-Score for SMOTE Application in the
Learning Process of each Model

Model F1-Score F1-Score Improvement
before SMOTE | after SMOTE (%)
Table 4. Classification of cumulative rainfall criteria for each local Decision Tree 0.49 0.56 13.94
government S Vect
_— —— ; . upport vector | 3¢ 0.45 18.31
Classification | Gyeonggi Province | Seoul City |Incheon City Machine
Criteria 1 (mm) 25 70 35 Random Forest 0.36 0.45 25.01
Criteria 2 (mm) 90 163 121 XGBoost 0.39 0.48 23.11
Criteria 3 (mm) 153 252 181 Average 0.41 0.48 19.62

Table 5. Comparision of standard criteria and disaster risk stages from cumulative distributions

Classification 3 hour Maximum |12 hour Maximum | Cumulative | Amount of Damage | Existing Standard | Modified Standard
Rainfall (mm) Rainfall (mm) | Rainfall (mm) (1,000 won) Warning Criteria | Warning Criteria
1 48.90 119.26 237.16 5,799,888 Watch Red
2 27.05 46.45 71.11 959 - Yellow
3 65.31 146.93 149.86 1,738,190 Watch Orange
4 76.50 175.47 322.72 37,152,530 Watch Red
5 36.99 93.34 142.12 422,025 - Orange
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(1) Decision Tree ) )
1 2 3 4 Table 8. Performance comparison for the learning process of models
1 36 1 > 0 in each local government
2 1 2 0 . e - F1
Classification Region Classification |Accuracy| Recall | Precision
3 0 1 1 0 Score
4 1 1 1 2 Decision Tree | 0.71 0.48 0.56 0.52
(2) Support Vector Croopenze Danage s Gyeonggi Supl\ljlorth\./ecwr 027 | 054 | 031 | 040
Machine I 2 3 1 Province e
1 1 0 0 0 Random Forest| 0.52 0.54 0.55 0.55
— ) 3 4 6 ) XGBoost 0.77 0.48 0.51 0.50
assification 131
3 0 0 0 0 Decision Tree 0.95 0.95 0.25 0.40
Support Vector
4 0 0 0 0 . . . .
SCe'OUI Machine 092 | 048 | 032 | 038
Occurrence Damage Class it
(3) Random Forest - = Y Random Forest| 0.97 0.50 0.33 0.40
1 2 3 4
XGBoost 0.97 0.50 0.33 0.40
1 24 1 1 0 ..
Decision Tree 0.91 0.63 0.73 0.67
Classificati 2 20 2 & 0 Support Vect
assification upport Vector
3 0 1 1 0 Inél.leon Machine 0.95 0.95 0.25 0.40
it
4 0 0 1 2 ¥ [Random Forest| 093 | 032 | 025 | 028
(4) XGBoost Occurrence Damage Class XGBoost 093 | 025 | 025 | 025
1 2 3 4 Decision Tree | 0.86 | 0.69 | 0.51 | 0.53
1 39 0 3 0
Support Vector| - 71| g 66 | 029 | 0.39
3 . 2 4 2 0 0 Average Machine
Classification
3 0 0 1 1 Random Forest| 0.81 0.45 0.38 0.41
4 1 2 2 1 XGBoost 0.89 0.41 0.36 0.38
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Table 9. Confusion matrix of performance evaluation for the evaluation

process of each model

Occurrence Damage Class

(1) Decision Tree
1 2 3 4
1 22 1 2
2 4 1 1 1
Classification
3 0 0 1 0
4 1 0 0 2
Accuracy : 0.72 F1 Score : 0.61
(2) Support Vector Occurrence Damage Class
Machine 1 2 3 4
1 6 0 0 0
) ) 2 21 2 4 3
Classification
3 0 0 0 0
4 0 0 0 0
Accuracy : 0.22 F1 Score : 0.39
Occurrence Damage Class
(3) Random Forest
1 2 3 4
1 18 1 0 1
. . 2 9 0 3 1
Classification
3 0 0 0 0
4 1 1 1
Accuracy : 0.53 F1 Score : 0.31
Occurrence Damage Class
(4) XGBoost
1 2 3 4
1 22 0 2 2
2 4 1 0 0
Classification
3 0 0 0 0
4 1 1 2 1

Accuracy : 0.67 F1 Score : 0.41
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Table 10. Performance comparison for the evaluation process of
models in each local government

Fl1
Region Classification |Accuracy| Recall | Precision
Score
Decision Tree 0.72 0.67 0.56 0.61
Support Vector
Gyeonggi pl\lj[achine 022 | 053] 031 |039
Province
Random Forest | 0.53 0.41 0.25 0.31
XGBoost 0.67 0.42 0.41 0.41
Decision Tree 0.89 0.32 0.47 0.38
Support Vector
Seoul Machine 0.95 0.49 0.50 0.49
City
Random Forest | 0.95 0.95 0.50 0.65
XGBoost 0.95 0.95 0.50 0.64
Decision Tree 0.89 0.66 0.71 0.68
Support Vector
Incheon Machine 0.92 0.47 0.49 0.48
City
Random Forest | 0.86 0.31 0.46 0.37
XGBoost 0.86 0.31 0.46 0.37
Decision Tree 0.84 0.55 0.58 0.56
Support Vector | 25| 50 | 043 | 0.45
Average Machine
Random Forest | 0.78 0.56 0.40 0.45
XGBoost 0.83 0.56 0.46 0.48
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