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Abstract Early detection of forest fires is essential in preventing large-scale forest fires.
Predicting forest fires serves as a vital early detection method, leading to various related
studies. However, many previous studies focused solely on climate and geographic factors,
overlooking human factors, which significantly contribute to forest fires. This study aims to
develop forest fire prediction models that take into account human, weather and geographical
factors. This study conducted a comparative analysis of four machine learning models alongside
the logistic regression model, using forest fire data from Gangwon-do spanning 2003 to 2020.
The results indicate that XG Boost models performed the best (AUC=0.925), closely followed by
Random Forest (AUC=0.920), both of which are machine learning techniques. Lastly, the study
analyzed the relative importance of various factors through permutation feature importance
analysis to derive operational insights. While meteorological factors showed a greater impact
compared to human factors, various human factors were also found to be significant.

Keywords: Forest fire prediction, Machine learning model, Logistic regression model,
Permutation feature importance analysis
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Table 1 Causes of Forest Fires in Gangwon—do (2003-2022)
Causes No. occurrences Percentage (%) Accumulated
percentage (%)
Population flow (tourist) 450 47.82 47.82
Residents (incineration of garbage) 97 10.31 58.13
Residents (incineration of crops) 95 10.10 68.23
Cigarette fiasco 52 5.53 73.75
Industrial fire 44 4.68 78.43
Residents (housing) 42 4.46 82.89
Military unit 33 3.51 86.40
Spontaneous ignition 26 2.76 89.16
Residents (boiler) 24 2.55 91.71
Residents (negligence) 24 2.55 94.26
Population flow (grave guest) 16 1.70 95.96
Residents (electric short circuit) 13 1.38 97.34
Arson (intentional) 11 1.17 98.51
Vehicle fire 6 0.64 99.15
Arson (playing with fire) 5 0.53 99.68
Etc. 3 0.32 100.00
Total 941 100% 100%
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43 AGAE 2ot (Chen and Guestrin, 2016).
F28 7He GAE VIH T SUE Ef 2
F71E cAdow AdgstHA ofd /719
Aol A E Hkgdste] A5S mole A
o7 o]FoXtt. o] HAA 7|ES F2H
WAL FR7Ie A FgFoR SE7F =7
A= Aol vk ARt XG Boosti= FAH
7IME WEAgste] 5EHEE ek, §
Al 43 FAE s Adsty] witel] dukbA o
= o= E =

Hog gxa QurH(Hah et al, 2019; Liang
et al., 2019; Du et al., 2020).

42.4 SVM 23

Cortes and Vapnik(1995)e] #A|Algk SVM

(Support vector machine)< ®F¢F 37 A
fde] &8&H= FAF 5 olEY HAHY
7ol duty o7 SVME HIFE EF{F3Ie
A9 %W (Hyperplane) S 2H7] 98] A XE
W (Support vector)9} ZHW 7ol Ag](Margin)
& Hdistete AAHoE o] F I (Cortes and
Vapnik, 1995). o17]A 2] =W 7H 7F
7h ™ dHeolHE AXE WEgy FEw
SVM B3 AxXE ¥y AAikagol x93

oy iy 7} #1719 3= (Kernel function)
=g e el 7 BV dlolHE 1
b oz %63“3]"3# s deldx: #7/7F 7
s o] Ut
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43 MEY 7)Y

AMEY 7IHe stadoly e Sd3de= A
st dlolH AA wAE sZAsr] f1g 71
o7 AduAEHY eHAEPder ERdd
(Kim et al, 2014). eHAE" 7ML 7]E d
°olH ¢ SA4S &t MER HolHE A4
st 7]Ee] BE HolHE €83t E 35 A
Zkol F7kgtrt, Wb A EH S 7|59 H o
H F5 #HAaAA T AE daAEd 5 9
ARE dely &Ado] wAgith 2 AT A=
T 71W FolA dely Edo] I AsHA] il
Fades Fso] £2 dFEFYS e F AU
SwAZ8 71l SMOTE(Synthetic minority
oversampling technique), ADASYN(Adaptive

synthetic sampling) 7I1®¥ F AZ" 7|H
ddes AzEg = EdAazsy 7y

SMOTE-ENN, SMOTE-Tomek7]'}< &3}
% oH(Mohammed et al., 2020).

431 2HMAEY 714
eHAEE S ot 2ad HelHs s
ﬂio}ﬂ HoH A aﬂ ol¥& 7h7 HelE g

1 A3t S°ﬂ T7}o}b 7]H o]
2009). S WA=
Yl dlol g
A& 0157]
ek 71
SMOTE~ ¥
eHAEy
o] ofd

T
JQL‘
oy
>
)
1o
o|\
N
)
HE
r =}
o
£

2
ll2
LAV
wo MY rlo

ot m1ru

3
N
i)
W
£ o

=
Ho 0 L2 i

al

N
s
2
il

¢shA 7] =

2 HoHE v BAs
71E HolHE #8359

T HolHE AAsH(Chawla et al, 2002).
SMOTEx Spimotl 718 HolHES A FHIH
o] %-(k-nearest neighbor)& ®M&t1 71 ¢
°lE19Jr KN ol x5S Hitete] AE R dHolE &
dole BFoR o]Fojn. E thE dxH
71l ADASYN Syt 709 Hlol Bl &
At dely g7t 594 SMOTES
g 7} delHErt tE 4o AE dHolHE
A 71 eolth(He et al, 2008). ©] Aol
A HolHEY ULERIEES o] gete] 2F dHol

N
i
o

(EA | g eled

i
i

mlo ro

HE gAdony ojTE A% dolge B
g wAsn o A4 YE dolHE 44w
= 540 gl

BgAEge WA dolHel emaEge 5
B3 ool ANATY WS FAE B
Holth % 1Mol @yl AN Frhet d

719 o) e},

°olf &4 FAE HAZE 7 de
E3] SMOTE 7|¥HS EU

3} SMOTE-ENN 7] %2
EAeke Edd dHolHd A F2 dS A=
7F g A HAled s gEATE AEH
7oz 43 9vh(Batista et al, 2004). ¥
Z SMOTE-Tomek< SMOTES} Tomek Links
9 Aoz SMOTEZ ¥ =Z8S Tomek
LinksZ AdAMEH S s}t o714 Tomek
Links= A& 01"%—% 7H Spinar®l AE Tl 0]
Hel o dolES Syl AE Hloly Abo] 9
ol F Syl &t dlolE N A A=
W ol th(Ivan, 1976). SMOTE-ENN<S SMOTE
9} ENN(Edited nearest neighbors)S 2A3%+3st &
st Ze 71Holth. ENNS  Spierel kFH2F
o] 25 Zro} o] %3 HolH FollA Syl Ul
olf 7t & A% e dHolHES AAsNF
= FAHo g o]F o (Wilson, 1972). A7]%
WAES 7HE dolHe +& HAd 833

Z=0] okl #o]Ewk

51 A8l x=

717482 deolel& 71dA e VAR NEE
oA AFstE FuldR 2dr|H3 A5E
89, AELAAA, BAYA LS VFo =
AlZE @3S HlolHE FREAT 1H 8RRl F
ol &, #AA F Fo BFAe] HF AF
AYE 2Est7] A& FHJA T #HFA T
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Table 2 Summary of AUC Results by Model and Sampling Technique

Sampling Technique LR MLP RF XG Boost SVM
Without Sampling Technique 0.67 0.77 0.92 0.93 0.78
SMOTE 0.64 0.79 0.87 0.88 0.77
ADASYN 0.63 0.78 0.87 0.88 0.78
SMOTEEN 0.62 0.81 0.87 0.86 0.78
SMOTETomek 0.65 0.80 0.87 0.87 0.78
Mean 0.64 0.79 0.88 0.88 0.78
* LR: Logistic Regression
* MLP: Multi-Layer Perceptron
* RF! Random Forest
* SVM: Support Vector Machine

BURAAERNA AT 5 AYA AF d2uFe Avsdn AsPle st
Aok BAAAGRAzENN AFHE F2 =gl JeAAE vl IR Az
B3A 447 EAE BEARen wdA & = @A A A AT olE nea)
oo, B SE AU A7 Agadt. 94 o1 BRel d34s 4 Faw
b sk Al G R et VA EE AR 29 H7HAEE &85 Fg = (Accuracy)d HH=
olElolm® w9lE wF7] 9s, 9 #AFA B3] 98] 8%+ ROC(Receiver operation
FE A Gl digh Aoz k&S characteristic) 2413} AUC(Area under curve)
T3 FHATE AIPE WEAo] fe o= #S F83 I HKim et al, 2019). ROC =4
Ftste] Ard QgL A JAFSTF F & Q%A S (False positive rate, FPR)o] W%
dsirtal 7Hgstat ve o s wg A 9ke] 2 o] A& & (True positive rate, TPR)o] o] @
T A WEA FHxe AEEALA A HsH=AE YEdE S0t S8 E
® Y FEFEYHA AgE A& GIS #H71Ad 2 AAR 549 #FE R SYA A5
Q-GISE &&3to] “=ZEatqivh. #3A ek A Hlgolil, A& AA FEQ #hs FHe=
T AFALE AN ERE JAF A7 sttt SHFEA &3 v & ol tH(Cook, 2008). & A
I 7FAgskdar, Skell A AAgE A el THE oA ¥ w2 AHEA RS onE 4
ggsto] 2x2Y IARNY vF HAHER e AbEEATE BAs A s v Erh
s X3 F 5/ B g HA3S ROC =4& ®&s FA7F EAsA Fof 4
gataAct olwf Z} HolHES FA ¥ HeolHE o Wkt Sle AxE FA opde WA
Zh E3x g a9 ozt EAlste] Al FA #l AUC s €83k, AUC #e H9+
of olfal eab AA vEpdThE ARl & 05%H 174A grelth 055 & FAS
Aste] doly Aqtst #HFS 3l £AE HE oSS 9usty 12 Eg =S on] gt}
stk =g dA dolE oA AdstAzE A 05014 0.7 Atel= w2 s, 0.7¢14 0.9 Aol
3 dlolE H&S oF 5%E AN do] o #;& T Are Aes 9usta, 09K
Bl 5vd wAZE 2T 5 Slo] eAEd T #e +7d 2d des HEhd g (McCune
I BEFANEY VHS HE&Ay and Grace, 2002).

<Table 2>+ 7/IEg oA AFEFP AT
MnE EAs7] 93 AUC #oe= 7 H4Ed
Ve AEARE FESY ®U|sAY. WA,
AUC #<g 23HEW XG Boost®t RF R&o|
AMEF7IH AL #AAGe] thE EP 5 4
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