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Evaluating the Efficiency of Models for Predicting Seismic Building Damage

Chae Song Hwa' - Yujin Lim™

ABSTRACT

Predicting earthquake occurrences accurately is challenging, and preparing all buildings with seismic design for such random events
is a difficult task. Analyzing building features to predict potential damage and reinforcing vulnerabilities based on this analysis can minimize
damages even in buildings without seismic design. Therefore, research analyzing the efficiency of building damage prediction models
is essential. In this paper, we compare the accuracy of earthquake damage prediction models using machine learning classification
algorithms, including Random Forest, Extreme Gradient Boosting, LightGBM, and CatBoost, utilizing data from buildings damaged during

the 2015 Nepal earthquake.
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Fig. 1. Correlation Coefficient Between Features

Table 1. Removed Features

Features Definition

Count of floors in the building

count_floors_post_e
- -post_eq after the earthquake

Height of the building

height_ft_post_eq after the earthquake

Type of building roof

roof_type RCC/RB/RBC with reinforced materials

Type of building foundation

foundation_type_RC
-Ype_ with reinforced concrete

other_floor_type
RCC/RB/RBC

Type of building floor
with reinforced materials

Height of the building
before the earthquake

heigth_ft_pre_eq
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Fig. 2. Class Ratios Before SMOTE Processing
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Fig. 3. Class Ratios After SMOTE Processing

AFE Hlo]E 9] £& W49l Damage Grade: Fig. 29} 2
o] & oA AR FEEo] Ut} SHATE Grade 49+ Grade
59] H]&o| & 60%E Ew@T tlolH Y S Wi qloh
EW Y3t HolE s £77] A= Astet, v SAET
A EYAY 2 ERE IAAZ & ok

wtA ol B4 EAE dlZsk] Yal T4 dlolE
£ o¥ AMEFYstE 7HA SMOTEE Hlojgof A-g3to] 1
9 33} Zo| ZF Grade 7H9] BlE&Z #3 A 2HsATHAL
s 371 AFEE 95 SMOTES 53 dolEHE o A
£ ste 71" g5 dHlolEolvt H&= ik

AE9 B4 ‘/PE}LH—L— Eﬂo]ﬂo] v, = 133 We
£ o]F0ojA i}, o] HFY WMeE2 7L 1ol BWo] Ak
A7F Q1oL gshA ﬂ‘ﬂ ;l‘:}% S0l Ao g g5l
Z8o7] Yol A 3 JIFFE Bof X Ee o)Xl HER



: ol s dlolg o] #+32 Ash
22}9} gtee ‘%‘5}9& o, B2 B4k ghe 7Hd W

3.1 BHo EH 3 47

E =FJAE= Random Forest(RF), Extreme Gradient
Boosting(XGB), LightGBM(LGBM), CatBoost, & U 7]—7\]9]
71ASE 25 daEEE AHgote] dE AR gb) 9%
S5t

RF= o], A, 333 £ 44 Ashy &d
of H|s] =2 5= AlTotr B2 2

847 A g3t o2 A AlFSH] wiol dl%
dlof Hgteitt= o] SleH5l.

XGBx 7]&9] Gradient Tree Boosting &g &2 k¥l
TAE WA5] el F7H4Ql mev|EE EYe Ak g
Q FFEo R, £ 5t IR} 58S WEA7= A

2 IS Aol

nghtGBM— BEHQ HE EHS Sl HlE £ {5
A Zots dagEo R, B2 g9 HolHE &80 2 Ay
SHHAE W HEeE AH|ol= £ 7L
A A& BES e = ks Aol AT

CatBoost= E&% 0|1 QI A& Ao ShA v
£ A5t 50 =2 A E AR E, HolHe &

7 Rl g AUkl g5 WAIske] AR S £
= Q= dargEoltHsl.

ojgtgd Y 7HA] B2 HE oXEH EFE 7|HtoR
gt PAE Bdo|u, PAE B v ot BRVE
geto] HAeS gtz o7 sk E4o] o], 9
AHAA EjEch gk} 58o] Hojuth RF:= Hi7dZ, XGB
2} LGBM2 £AH-Z, CatBoost= £AH 9] HEg-2 AREdlL
RAoB= Al 7HA 9] s ";‘7};‘]&— ol HHE 22 W
AT 7+ 7149 Ajolof| W AJ5-S HlawstAt sHiet. 7t 7]
Algks HEofA AMEH stolwutetulE Fh2 tha} Pt

O i

3.2 &8 2t

D) 8=

2 =&oM v 714 71'e SMOTES 28514 b2
glo]Ele} SMOTES Z-85}o] Grade 71l E43-S s23H 4

o[ElE A§3 At 54  Hol7} ghee Brshaint.

2) F1 Score

o] HutAel B& H52 B7keH] 9l =5 FES
7lvto 2 7+ S A9 F1 Score®] H#ZFQ! macro average
£ ZEE 9, vl 9 29 7] A5 fARRE ERlE

% e,

TROR oIt 48 A4 05 BU 28N B 219

Table 2. Hyperparameters used in Models

Estimators Max depth Learning rate
RF 100
XGB 100 3 0.1
LGMB 100 0.1
CatBoost 100 6 0.03
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Fig. 4. Comparison of Accuracy
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Fig. 5. F1 Score of 4 Models
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