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A Prediction Model of Casualties Based on Machine Learning
for Selection of Fire Scenario
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Abstract

This study has developed a model that predicts casualties (dead and injured people) using the Classification And Regression Tree
(CART). Based on the fire statistics collected over a decade, this model aims to select the appropriate risk-assessment scenarios
and fire prevention and safety methods applicable on individual buildings. Our evaluation indicates that this CART model can
accurately predict 48 scenarios based on 5 variables related to the types of fire, fire growth rates, and evacuation situations, and
calculate the corresponding probabilities for each occurrence. This model is expected to improve future quantitative fire risk assessments.
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Table 1. Raw Dataset Information for Fitting the Prediction Model
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Table 2. Derived Variables for Fitting the Prediction Model

No | Variables Name Type
1 X Season O
2 X Basement O

Fire locati d
3 < ire location (ground or o
basement)
Rati f 1l to total
4 X atio of floor area to total °
floor area
Ratio of d t
5 < atio of property damage to °
gross floor area
Ratio of lost area to total

21 X o

floor area

O : Categorical, @ : Continuous

Table 3. Final Variables for Fitting the Prediction Model

No | Variables Name Type No | Variables Name Type
1 Y Death O 1 Y Death O
2 Y Casualties O 2 Y Casualties O
3 X Property damage/Floor area o 3 X Property damage/Floor area [
4 X Category of Property damage O 4 X Combustion area [
5 X Disappearance area O 5 X Gross floor area [
58 X Ignition point O 34 X Time of fire O

O : Categorical, @ : Continuous

168 SISt =2Z], M21& 55 20219 10

O : Categorical, @ : Continuous



3.4 =4 HIO|E X<

=03 HlolHT v M| S o) 2 e
BS54k 72 Zpo|7h A Y= 7494 HIolEE ofrijh
th g & S0 o2, FA S B dlolE WA, 55
Aeh Al 7h=7] Fe) 797k Ik Pk o= Fawige
E4e 27 $2 A 2571 Bor oF 3
BRI e U Fasi,

273 vlolE|2 Aslo] Q= ASols m3e) H5g
sh) m Sz SR 97} s oled A
o Tl BT 710 B9 Hlolele] - ERFOR
W FAS AT 5 Ik AEY PEE O ] Hol
£ Zashe AUIEY W) A B0 lolels
Sk oPAE W] Itk QTS Bl Random
under sampling (RUS), Tomek links, Condensed nearest neighbor
rule (CNN), One-sided selection (OSS) 52| ¥*Ho] )31, oH
MET 7ol Random over sampling (ROS), SMOTE,
Borderline-SMOTE, ADASYN 5] 2lth

B Agollxe] odgtat AEgke Aedk HF 4 Hlel
E9] 7= AFRAL eSS A BlAEAL 221,23771(99.177)),
AFEAF 1,85671(0.83%) 01, AMIAF oS5 ol A= B]AL
37t 212,65371(95.32%), AMSAF 10,44071(4.68%) 22 =4
3k Hlole] Eddo] SASIA ololl Edd =AIE a3t
7] $1all v 2] HolHE 7= AlER ] 4
tlojg] ol BA| 2Ash= WH O E RUSHHHES ARS3HA
Th(Batista et al, 2004). 71 23} F FAt|olH = APGA}
NSRS BIAPEA}F Bl AREAL Z42F 185670, AP SR
e HIAPGAL 9 APSAL 242410,44000 0.2 =2 H AT

4. QEOH HE2A 7= H 4

Ol

4.1 K= =214

B A7) Yraw)Hlo|EE SXHS AR E0] 413
EHY AsTFxo|ng ndo] BF AE JJx-E 9l
RUS W2l o] 8ate] APgAte] dlolg 421 1,856710.2
HAFERES] HolE 45 5:59] H]&2 245l F 3,152
o7 FAE FPston, niARIAe] ol +x FYgt
w0 2 20,880710]Th

dErdo] My HFE K-Z= w5 WH(K-fold
cross-validation)= ©]-83l3th o] AFHHS A2 &
tloEA|EolA &3 5S A T de A
o|THNie et al., 2020). 47]A], K 3+ ¥4l 2

1002 A3tk

42 CISRY HSX|HE
BN 03} 15 Bk MEP(C)RY) HolE
38 739 diZmo] dnht Yespl BRI=A A
AZo] Basith £ Aol s o Zmale]

3T
=)
=

o 4

MA

—_o

SHRAILE| 2

=2
=

eS WPl 2537 13l Table 49k o] HoPaS
ARSSt] AEE, WIS, BoleE ASAIEE RISkt

ALEF3E] true positive (TP)= AA T=gke] 114
2dof|A 12 A8S] o|S3sh= 71, false negative (FN)-2
AR #AZgko] 108l BdelA 002 dSF3h= 11, false

positive (FP)= 44| B5gko] 0218] RelloA 12 o|Ssh=
<7, true negative (TN)- A4 Zgko] 021t meloj A
007 &3] gSsh= AgE ou|ith

A== A4 d54 T 2A BS5 2RollA S5k
o] YAJeh= HIE, W= A #=gke] Ftrue)?! 735
o2 o &3h= vl Bolmi Al TEpko] AR false)?]
A4 AR R &3 HE-S TSk, Eps. (1)~(3)% 2ol
#& 4 UTHShobha and Rangaswamy, 2018).

29T

Accuracy = TP+TN | TP+FP+TN+FN 1)

Sensitivity = TP | TP+FN 2)
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Table 4. Expression for Term of Confusion Matrix

Predicted
Actual — -
Positive (1) Negative (0)
Positive (1) TP FN
Negative (0) FP TN

Table 5. Relatively Important top 20% Variables in Death Prediction
Model

No Variables
1 Property damage / Building basement
2 Property damage
3 Property damage / Floor area
4 Category of property damage
5 Disappearance area
20 Ignition point
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Table 6. Confusion Matrix for Death Prediction Model

Predicted
Actual — -
Positive (1) Negative (0)

Positive (1) 1,610 246
Negative (0) 334 1,522
Accuracy 84.4%

Sensitivity 86.7%

Specificity 82.0%
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Property damage/Floors number

lgnition object

[}

ombustion spread object

®

@, 0.

ppace usg Property damage/Lost area Fire causes Fire causes.
<
Fire source Property damage/Floors number
Space use lgnition object

Note.

RN : Root node

TN : Terminal node
N : Node

Fig. 2. Classification Result of Tree Structure for Death Model

Note.

RN : Root node

TN @ Terminal node
N : Node

Property damage/Floors number

Fire layer/Floors number

<
Property damage/Floor area

Property damage

Combustion spread object

Time of fires

® ® ® ® ® ®

Fire causes

Lost area,

Property damage/Floors number

Space use -Space use.

e

Property damage/Floors number

o]

Combustion spread object

Property damage/Floors number lgnition object
® ® ® ® ®

Fire source lgnition object  lgnition object Space use

5 ® 0 ® ®

Building structure

Property damage/Floors number

@

Floors number

oM FOl

Building structure Lostarea

Fig. 3. Classification Result of Tree Structure for Casualties Model
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Table 7. Relatively Important top 20% Variables in Casualties
Prediction Model

No Variables

Property damage / Building basement

Property damage

Property damage / Floor area

Category of property damage

1
2
3
4
5

Disappearance area

20 Ignition point

Table 8. Confusion Matrix for Casualties Prediction Model

Predicted
Actual — -
Positive (1) Negative (0)
Positive (1) 7,362 3,078
Negative (0) 2,643 7,797
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Table 9. Conditions of Fire Scenario

Condition Contents (symbol)

Cases 48 Fire scenarios

Ignition space | Living space (L), equipment space (E)
Afternoon (A), Midnight (M)

Waste (W), bedclothes (B),

Time of fires

First Combustibles

Accuracy 72.6% electrical product (EP)
Sensitivity 70.5% Ignition floors 2nd floor (2), 10th floor (10)
Specificity 74.7% Ignition causes Electrical (El), arson (Ar)
100
W Death model [ Cacualties model
80

—
—

| M]

Occurrence Probability (%)

FIP PP ITIT TIPS FITIVIPIRITIPIPITIPIVIPIFITIVEES
T2yl gl P 2o a2 qfqaq2o a2 faqofqofqe
=2zl il oo ! T2at i 2=l oo T06at T 2=l 0w T0at T 2=t T oot T oa T
AR L I b R o RN IR S B LTI A O i
I S T i S - Sy i - SR N S SR T B
o 5 T T - Ly s30T T 23S w0 w LSS LT W TLT =S
N0 . - 5 - 4T o - 5T Wy w Wow How g How uJL‘u\_‘u

Scenario
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