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Development of a Gangwon Province Forest Fire Prediction Model

using Machine Learning and Sampling
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Abstract

The study is based on machine learning techniques to increase the accuracy of the forest fire predictive model. It used
14 years of data from 2003 to 2016 in Gang-won-do where forest fire were the most frequent. To reduce weather
data errors, Gang-won-do was divided into nine areas and weather data from each region was used. However, dividing
the forest fire forecast model into nine zones would make a large difference between the date of occurrence and the
date of not occurring . Imbalance issues can degrade model performance. To address this, several sampling methods
were applied. To increase the accuracy of the model, five indices in the Canadian Frost Fire Weather Index (FWI)
were used as derived variable. The modeling method used statistical methods for logistic regression and machine learning
methods for random forest and xgboost. The selection criteria for each zone's final model were set in consideration
of accuracy, sensitivity and specificity, and the prediction of the nine zones resulted in 80 of the 104 fires that occurred,
and 7426 of the 9758 non-fires. Overall accuracy was 76.1%.

m Keyword : Forest fire Weather Index(FWI), Machine learning model, sampling, imbalanced data
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Myt AHE 7]AFA]4x(Forest fire Weather
Index, FWI)&= & A 7fLfco A AF8351aL Ql=
Mok AHE2918 71 A AEl(Canadian Forest
Fire Danger Rating System, CFFDRS)9] 14 &
2z iyt A A oA AR AbEe 9 A
3} Sof &85 31 itk (Van Wagner, 1987) FWI
A 2glo M= 57FR] o) A5 AHg-sh=T Bt
71, Bt =, BASE, ArdS o185k
AALstel njA] A& A 4(Fine Fuel Moisture
Code, FFMC), ¥-A]ZX]4>(Duff moisture code,
DMC), 7}&*]<=(Drought code, DC)E 12}2] 0
2 AR 3 o509 2gto & ISI(Initial Spread
Idex), BUI(Build Up Index)*|s~& 3ttt 7|A
djo]E| 2 -85} Natural Resources Canadaol|

A 4 2+ R 351 WS ARSI
o 2003d5E 201687149 HolHE ¢
(random) 2 7:39] H|- &2 trainA T} testA O 2
2o trainAl 0.2 o= BEHS THEIT testAl 02
2ol A5S H=dWth Random foreste}
xgboost H-& ¢l 9] (random)S EZ3Fs}l 3
= U2 X4 seedS 12342 A5t AL vt
S92k w63 Zhe 0-1 Koo} grow
e +=4d] ROC curve®] AUC(Area under the
curve)7} 7} H= ZFS cut off2 A3 1 9]
A EE ke 102k A3 Ich 2E Ao o
3 W7k A5mA 7 mae] 4o, UAE, &
o|wE ahgick

A (Accuracy)= A 5 A5l A
H|-go|tt. TI7E(Sensitivity)= AA| A

e Aol AT AL oS5k HlEelth

94
B!

dmoe o



74 | olE A A3H A2E

o] = (Specificity) = A1A] WAEIA] Qe A
MIAYSEA] @Rt o S5 ul gt 37}xu

Aoz By mad o
Zejo] %o} QPAE maloli g (boosting),
7

v} %) (bagging)©] St

(voting) = Haf(average) 0.2 ZAv5lo] o=
St= W o2 o= 719 Variance2 7AA|A

s gnEEoR A QEEY 1% s=ls
o ARgFFOEHA BRE M Y& VS

£ Foles fhE WHoR o3 3o
DA AET

5l
=
sl &
¥y

. =
Bias=

3.2 Random forest

Random forest= QJAFAA E o] ofAME
ejojt}. QAFEA Ee] s 7| wjujch ©H
o _l E'_ :IL'T‘O]"_‘ EH]E EV}\] ’/l:7]’ Cﬂ
o

241 510 ofe] Aol 29] 2 5 2}
dse) AnE FE EL B2 141-‘;— WA oz

Wi7 Wk ARk e 7h ma

oft
=
X
=

3.3 XGBoost

Tiangi Chen} Carlos Guestrin®] 27]%
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A 9Hs non-occurred occurred
1 4338 30
2 4258 97
3 4301 74
4 4324 76
5 4398 14
6 4349 52
7 4326 41
8 4336 46
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7|& dlolE
A GqHS ZAAE IHEA Random forest xgboost
accur' sens? spec? aceur sens spec accur sens spec
1 0.68 1.00 0.68 0.87 0.58 0.87 0.81 0.83 0.81
2 0.74 0.78 0.74 0.75 0.74 0.75 0.76 0.78 0.75
3 0.66 0.91 0.65 0.32 1.00 0.31 0.79 0.64 0.79
4 0.78 0.81 0.78 0.51 0.94 0.50 0.83 0.81 0.83
5 0.74 0.75 0.74 0.01 1.00 0.00 0.79 0.50 0.79
6 0.63 0.90 0.62 0.83 0.50 0.84 0.59 0.80 0.59
7 0.45 1.00 0.44 0.69 0.57 0.69 0.64 0.57 0.64
8 0.95 0.75 0.95 0.90 0.38 0.91 0.89 0.63 0.89
9 0.84 0.78 0.84 0.01 1.00 0.00 0.83 0.89 0.83
'accur : accuracy Zsens : sensitivity 3spec : specificity
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A9Hs A HEH LHAEY SMOTE
accur sens spec accur sens Spec accur seéns Spec
1 0.65 1.00 0.64 0.71 1.00 0.71 0.67 0.92 0.67
2 0.60 0.83 0.59 0.55 0.91 0.54 0.72 0.78 0.72
3 0.61 1.00 0.61 0.64 0.91 0.64 0.61 0.91 0.61
4 0.78 0.75 0.78 0.66 0.88 0.66 0.65 0.94 0.65
5 0.91 0.75 0.91 0.81 0.63 0.81 0.81 0.50 0.81
6 0.64 0.90 0.63 0.66 0.80 0.66 0.55 0.90 0.55
7 0.94 043 0.94 0.88 0.43 0.88 0.37 1.00 0.36
8 0.93 0.75 0.93 0.93 0.75 0.93 0.87 0.75 0.87
9 0.82 0.78 0.82 0.58 1.00 0.58 0.65 0.89 0.65

(¥ 4) Random forest 241 Zu}
Random forest

SEEE A= oz SMOTE
accur sens spec accur sens Spec accur sens spec
1 0.85 0.75 0.85 0.89 0.50 0.90 0.63 0.83 0.63
2 0.81 0.74 0.81 0.77 0.61 0.77 0.64 0.78 0.64
3 0.48 1.00 0.48 0.54 0.82 0.54 0.59 1.00 0.58
4 0.74 0.88 0.74 0.55 0.94 0.54 0.77 0.81 0.77
5 0.65 0.75 0.65 0.92 0.50 0.93 0.61 1.00 0.60
6 0.60 0.90 0.60 0.68 0.70 0.68 0.72 0.70 0.72
7 0.49 0.86 0.49 0.01 1.00 0.00 0.64 0.86 0.64
8 0.88 0.63 0.88 0.81 0.63 0.81 0.79 0.75 0.79
9 0.68 0.67 0.68 0.64 0.78 0.64 0.74 0.67 0.74

(H 5) xgboost 21 Zin}
xgboost

Z| I & AHUEZF QA EE] SMOTE
accur sens spec accur sens Spec accur sens Spec
1 0.77 0.92 0.76 0.60 1.00 0.59 0.67 1.00 0.67
2 0.75 0.78 0.75 0.78 0.74 0.78 0.75 0.70 0.75
3 0.72 0.82 0.71 0.49 1.00 0.48 0.62 0.91 0.62
4 0.70 0.81 0.70 0.63 0.94 0.62 0.72 0.81 0.72
5 0.58 0.88 0.58 0.63 0.88 0.63 0.65 1.00 0.65
6 0.45 1.00 0.44 0.93 0.60 0.93 0.53 0.80 0.53
7 0.17 1.00 0.17 0.73 0.57 0.74 0.51 0.86 0.51
8 0.72 0.75 0.72 0.78 0.63 0.78 0.93 0.63 0.93
9 0.57 1.00 0.57 0.75 0.78 0.75 0.75 0.78 0.75
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A9 Ag- e AMEZ = accur sens spec
1 XGboost AH-g-2H3t 0.81 0.83 0.81
2 Random forest A= 0.81 0.74 0.81
3 XGboost A M= 0.72 0.82 0.71
4 A~ E Y Ag-9F5} 0.83 0.81 0.83
5 Random forest A= 0.91 0.75 091
6 Random forest SMOTE 0.72 0.70 0.72
7 Random forest SMOTE 0.64 0.86 0.64
8 2283 AEA ARE-2FEF 0.95 0.75 0.95
9 e AH-8-2H3t 0.75 0.78 0.75
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Overall 76.1% 76.1%33c}.
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