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Abstract

In the previous research, we developed a regression model for estimating damage of natural disasters
based on the public database. Although this model considers nonlinearities among variables by using log
transformation for the dependent variable, it reveals limitations in improving estimation accuracy because
of its inherent characteristics of linearity assumption between independent and dependent variables. In
this study, we proposed an artificial neural network (ANN) based model to predict the amount of damages
due to natural disasters more accurately, which does not require the linearity assumption among the variables.
For verification of the proposed model, we compared the model estimates with those from the regression
model, including the Natural Disaster Risk Index (NDRI), Regional Safety Grades (RSG), and actual damage
amounts. According to the results of analysis, we can confirm that the estimates from the ANN-based
model reveal a higher correlation with the actual damage amounts than those from the regression model
or the assessment results of NDRI and RSG.
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Figure 1. Damage and restoration costs from natural disasters in the recent 10 years
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Setting up the Artificial Neural Network (ANN) based Estimation Model for Damage Amounts of Natural Disasters

Defining Variables

+» Dependent Variables : Damage Amount of Natural Disaster
» Independent Variables : Disaster Risk, Geographical Vulnerability, Social Vulnerability, Response and Recovery Capability

V

Model Optimization

* Number of Hidden Layers
- Single
* Double

+ Activation Function of Hidden Layers
* Hyper Tangent Function
» Standard Logistic Function

+ Activation Function of Output Layers
» Identity Function
* Hyper Tangent Function
+ Standard Logistic Function

—_— 1

Analyzing and Comparing the Models

Estimating Damage Amount of Natural Disaster using ANN Models

_ql_________:__

Comparing the Estimation Results

(NDRI)

Natural Disaster Risk Index [ Regional Safety Grade

(RSG)

Estimated Damages

Actual Damages
from ANN

Estimated Damages from
Multiple Linear Regression

Figure 2. Research methodology
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Table 1. Independent variables of the regression model for estimating damage amounts of natural disasters

Number Independent Variable Definition Direction Dimension
1 Heavy Rain Frequency Number of Annual Heavy Rain Occurrences + number/year
2 Heavy Rain Strength The Maximum Annual Rainfall + mm
3 Typhoon Frequency Number of Typhoon Rain Occurrences + number/year
4 Typhoon Strength The Maximum Annual Typhoon Wind Speed + m/second
5 Heavy Snow Strength Number of Annual Heavy Snow Occurrences + number/year
6 Heavy Snow Frequency The Maximum Annual Snowfall + cm
7 Heavy Wind and Storm (HW&S) Strength The Maximum Annual HW&S Wind Speed + m/second
8 River Density River Area / Total Area + m2/m2
9 Ship Density Ship Tons / Total Area + ton/m2
10 Population Density Population / Total Area - man/m2
11 Higher Education Ratio Number of University Graduates / Population - man/man
12 Foreigner Ratio Registered Foreigners / Population - man/man
13 Disaster Prevention Budget Ratio Disaster Prevention Budget / Total Budget - won/won
14 Population per Fireman Population / Number of Firemen + man/man

% Source: A Quantitative Data based Natural Disaster Risk Index Model in South Korea(2016: 173).
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Table 3. Cases for alternative artificial neural networks

Case Number of hidden layers Activation function for hidden layer Activation function for output layer
1 1 Hyperbolic tangent Identity
2 1 Hyperbolic tangent Hyperbolic tangent
3 1 Hyperbolic tangent Standard logistic
4 1 Standard logistic Identity
5 1 Standard logistic Hyperbolic tangent
6 1 Standard logistic Standard logistic
7 2 Hyperbolic tangent Identity
8 2 Hyperbolic tangent Hyperbolic tangent
9 2 Hyperbolic tangent Standard logistic
10 2 Standard logistic Identity
11 2 Standard logistic Hyperbolic tangent
12 2 Standard logistic Standard logistic
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Table 4. Results of t-test for comparing correlation coefficients among 12 cases

p-values between two cases
Case Average p
3 8 2 7 4 6 1 12 10 11 5
9 0.8301 0.799 0.144 | 0.050° | 0.010" | 0.014" | 0.007 | 0.002™ | 0.000™ | 0.000” | 0.000™ | 0.004
3 0.8298 0.181 0.059 | 0.010™ | 0.015° | 0.007 | 0.002" | 0.000 | 0.000” | 0.000” | 0.040"
8 0.8276 0.762 0.324 0.333 0.253 0.069 | 0.002 | 0.001" | 0.001" | 0.019"
2 0.8271 0.402 0.416 0.303 0.070 | 0.001 | 0.000" | 0.001" | 0.022"
7 0.8260 0.952 0.825 0233 | 0.004” | 0.001" | 0.002" | 0.040"
4 0.8260 0.889 0.291 0.012 | 0.003" | 0.004" | 0.044"
6 0.8258 0317 | 0.008 | 0.001" | 0.003" | 0.047"
1 0.8243 0.221 0.117 0.031 0.113
12 0.8226 0.652 0.100 0.227
10 0.8223 0.118 0.254
11 0.8198 0.711
5 0.8184
p  Correlation coefficient between estimated and actual amounts of damages
* : Two means are different under significant level of 0.05
** . Two means are different under significant level of 0.01
A of AL wid TrE=A Yehdtt weba & 0 & AT we ATTS & F AT
A old@ BA9Ige] Anel L WAL AL BEoRE eUZY 14 oY% BYE B4
wjAlst7] sl 1270 A9 Aol A thel, Az TR, S A T TF F old 2lo] AR
UE SRS Suslel AEAY WEe 24T A ol 4L 9% ATAAY 2Ye) 62y
%, o152 ol g3l S BAYL 10WH WA Z, o3 Sshelst A A g HBAS @
o FHANE HBIT, o|F WHOE AP Acla T FHS WALIE ol U BARHE S5
Ma - HIHE SRR 3 12709 A8 Acl2 2 Gk <Table 550 Lreht 9l Hhg} gol, 29
Ztoll tiall, AEAEES o]-gske] A o) Mere FBAT gl TS rAA Fehe i
< 1094 ¥HE 243 & o] ARSI A AsfY 9 285 843 g TR deANa
Dol HEE 10719 FBATE ol gale] Aolas  mAY d3de] 2 GRL vAE AL &+ U0
of 6% Q% M- BHSNGT ARASE Aol B BAY ANE vigoR euFH 25
g AFs] e, 1270 A7 Aol2E 208 st BAE FrEA o' FE AREShe Zlo] M A%
of S8 66(120)M 0] 74 A7} <Table 401 4 T RS W3] 1@ BAle] 2= 127) A

2islolglck. % 2, 43

Table 5. Results of analysis of variance (ANOVA)

Aol 3,8 97} 7HE =

Alo] 2ol A 1082 HF

Source Sum of Square |Degree of freedom| Mean square F p-value
Intercept 81.670 1 81.670 3,891,000 0.000
Number of hidden layers 0.000 1 0.000 0.298 0.586
Activation function for hidden layer 0.001 1 0.001 35.639 0.000™
Activation function for output layer 0.000 2 0.000 7287 0.001"
Error 0.002 115 0.000

Total 81.674 120

* ¢ This factor affects the values of correlation coefficients under significant level of 0.01
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Table 6. Results of t-test for comparing grouping correlation coefficients

Number of hidden layers Average p 2
1 0.8252 p-value : 0.645
2 0.8247
Activation function for hidden layer Average p Standard logistic
Hyperbolic tangent 0.8275 p-value : 0.000”
Standard logistic 0.8225
Activation function for output layer Average p Identity Hyperbolic tangent
Standard logistic 0.8271 p-value : 0.040" p-value : 0.050"
Identity 0.8247 p-value : 0.255
Hyperbolic tangent 0.8232
p  Correlation coefficient between estimated and actual amounts of damages
* : Two means are different under significant level of 0.05
** . Two means are different under significant level of 0.01
Al vsfe] 2o FHAT F 12005 2953 2HF Significant Difference) tH-88 T Hla HA& 3
o] g3l ghre] FREE Jushe & 4 e ¥ SFTh <Table 7>0f YERY 9l vhe} o] o] & #4
< Hlwsy] 93 48e S8 <Table 6> A3t GA BRI g o Aot FdsH =4
ekt gl 4 AR gol, 29Fe Aol el F B4 BE 2A2Y §5 ) 7P 22 5
&A% 7 Al A Ggkor], oY%} 285 & Hol: 2102 UEhdth E3, Duncan T 99
G} ool TRt A 3t Aol dst AR 4 A3 Y e 35 s A A
Gk F 093 e AT WIE F5Y W, 95 E B9 U E£F 242Y 35 A00E R
BrE BF 2A2Y §5Y O, ATUFY 2P £ AL HAT £ YUk o)F ANE FYHE, 4
%] Arp} FE AL & 5 Yt FRY 94 93 Y4EA BF 242 §48
2110] 374 o]l E8F el thald = F7H A& Zlo] 7 Agehe HoFa e A
o2 FAHEA O A AR Scheffe 744, LSD (Least & 4 AT

Table 7. Results of post-hoc tests for comparing grouping correlation coefficients

Activation function for | Activation function for .
Test output layer (1) output layer (J) Difference (I-J) Standard error p-value
) Hyperbolic tangent 0.001 0.001 0372
Identity —

Standard logistic -0.002 0.001 0.065

) Identity -0.001 0.001 0.372
Scheffe Hyperbolic tangent — ”
Standard logistic -0.004 0.001 0.001

o Identity 0.002 0.001 0.065
Standard logistic - -

Hyperbolic tangent 0.004 0.001 0.001

) Hyperbolic tangent 0.001 0.001 0.160

Identity — "

Standard logistic -0.002 0.001 0.020

) Identity -0.001 0.001 0.160
LSD Hyperbolic tangent — -
Standard logistic -0.004 0.001 0.000

o Identity 0.002 0.001 0.020°
Standard logistic - -

Hyperbolic tangent 0.004 0.001 0.000

* : Two means are different under significant level of 0.05
** : Two means are different under significant level of 0.01
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Table 8. An Example set of estimators for the biases and weights
Hidden layer node 1 2 3 4 5 6 7 8

Bias 0.292 0.149 0.124 | -0418 | -0.003 | -0.920 | 0.579 0.017

Heavy Rain Frequency -0.200 | 0.263 0.790 -0.788 0.137 -0.276 | -0.792 | -2.103

Heavy Rain = Strength -0.118 | 1.029 0.185 | -0370 | -0210 | 0.756 | -1.142 | -1.839

Typhoon Frequency 0.745 0.350 0.107 0.036 -0.507 | -0.064 | -0.923 | -1.604

Typhoon Strength 0.901 0.066 0.721 0.626 | 0217 0.624 | -1.632 | -2.084

Heavy Snow Strength 0.007 0.715 0.114 -0.275 0.589 0.165 -2.579 | -2.681

Heavy Snow Frequency -0.074 | -0.108 0.178 -0.304 0.336 -0.137 | -1.884 | -2.143

}i:;d;“ Weialy | 1wy Wind and Stom Strength 0521 | 0623 | -0.042 | 0883 | 0016 | 0124 | -1356 | -1815

eight

¢ River Density 0.127 | -0.067 | -0.561 0.142 | -0323 | 0.130 | -0.094 | 0.174

Ship Density -0.346 | 0463 | -0.016 | 0221 0.739 1319 | -0.221 0.347

Population Density 0314 0.141 0337 | -0401 | -1.370 | -0.030 | -0.765 | -0.352

Higher Education Ratio 0.322 0.117 0.642 0464 | -0.686 | 0.597 0.434 0.077

Foreigner Ratio 0.518 0.303 0.685 0412 | -0258 | 0470 | -0309 | 0.223

Disaster Prevention Budget Ratio -0.045 | -0.322 0.605 0.014 0.272 0.100 -0.455 | -0.293

Population per Fireman 0.524 0.381 -0.042 | -0.210 0.029 0.336 0.557 0.004

Output Bias -1.722
layer Weight 1354 | 023 | <1075 | 0347 | 1249 | 1355 | 2598 | 337
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Figure 5. Scatter diagram for MLR and ANN models for years 2001 to 2014
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Figure 6. Scatter diagram for NDRI, RSG, MLR, and ANN model for years 2011 to 2014
Table 9. Correlation coefficients among the forecasting methodologies
NDRI RSG MLR ANN
;5011 o014 04617 0.4699" 0.7201" 0.8310°
NDRI 1 0.5760" 0.7867" 0.7241"
RSG 1 0.5375" 0.5395"
MLR 1 0.9059"
* p-value is 0
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B AdAe 52 4A4WAE B4 AN B o|& 7}EA]7} <Table 10> Y Tt 3] AEA]
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Table 10. Weights for the independent variables

Weight
Variable

ANN MLR
Heavy Rain Strength 0.2643 0.3995
Typhoon Strength 0.2634 0.3428
Heavy Snow Frequency 0.1951 0.1643
Ship Density 0.1638 0.0520
Heavy Snow Strength 0.1535 0.1003
Heavy Rain Frequency 0.1344 0.0854
Heavy Wind and Storm Strength 0.1331 0.1162
Typhoon Frequency 0.1246 0.0743
Disaster Prevention Budget Ratio 0.0808 0.0673
Foreigner Ratio 0.0686 0.0782
Population Density 0.0607 0.0646
Higher Education Ratio 0.0438 0.1073
Population per Fireman 0.0380 0.0656
River Density 0.0376 0.0439
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