Statistics and Application 4iit325MN, 2016, 5(2), 163-171 Hans X
Published Online June 2016 in Hans. http://www.hanspub.org/journal/sa
http://dx.doi.org/10.12677/sa.2016.52016

Prediction and Analysis of Forest Fire Based
on Machine Learning

Dan Liu

College of Statistics and Mathematics, Yunnan University of Finance and Economics, Kunming Yunnan
Email: dan-jx@163.com

Received: Jun. 8", 2016; accepted: Jun. 27", 2016; published: Jun. 30", 2016

Copyright © 2016 by author and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY).
http://creativecommons.org/licenses/by/4.0/

Abstract

Forest fire is a kind of destructive and huge disaster, which causes irreparable damage in the eco-
logical environment and brings great harm to human survival and life. Especially since the 1980s,
the global warming has continued, and forest fires occur more frequently, leading to huge eco-
nomic losses to the world each year. So how to predict, prevent or reduce the hazards of forest
fires become the common concern of many science disciplines. Rapid detection is an effective way
to predict forest fire. To achieve this goal, one approach is to use automated tools based on sensor
data, such as the data that meteorological stations offer. The study found that the meteorological
conditions (such as temperature, wind speed) are important factors influencing forest fires and
some fire indicators (such as forest fire weather index). Therefore, we will explore several ma-
chine learning methods to predict forest fire area. Using the data collected from Montesinho Na-
tional Park in Northeastern Portugal, and a variety of different machine learning techniques, such
as support vector machines (SVM) and random forests, four different characteristics (distribution
of space, time, climate indicators and FWI system indicator) were analyzed. The best results were
obtained using support vector machines and four basic meteorological inputs (such as tempera-
ture, relative humidity, wind speed and precipitation), which could accurately predict the damage
area of small-scale and frequent fires. The above prediction methods are of great significance for
improving the management and allocation of fire-fighting resources.
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2 BRI, BATRIRINLER 2 ST AR KRR A A T, IR0 W BB R (R 8 . AT P
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W M AR K o B Sk 1 A 45 F 45 B BB 1K) Montesinho [ 58 23 [ 8O 28, (5 S-S 13 M8 &
Montesinho [E 22 b 1) 25 (A1 AL AR 5 (5 EREE R H i A J (1 e p— R FWI RGN HE 2038 & FFMC (4171
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FHXTIRE . RO AN K SR G AR KRR IR
22. TEER

FWI RG22 H 6 N 3 MURATRYNR AR 11850 4 gt/ n] BRI FERY (FFMC,
fine fuel moisture code), A& 58 5 % 15 (DMC, duff moisture code) 144 (DC, drought code); 2 ML
AR HOE R AR I R 4R E 40 W) iE S I FE(ISI, initial spread) 1 R FRFEE(BUI, build
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(error term), i ops B gt = Y —E (Y %, %000 %) > ZHE Y, = E(Y3 1% Xm0 X ) + 45 B
Yi =By + By + BoXop +ooF LK + 44 )
T 2 n e VERNABA X Be 22 ST B, ELEARBOR BRI 2, RSO T RIXAN A, —Ffh
BRI TTERAE B TR 77, WksER(DT), BidFZetimi®t, W FFmENL(SVM).
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IR, FRAIAEMENEA 2 — SR, FUEET S bR aERATARZ 05 M. JRATREE A 551 1)
/D IR AR S MU ZE T R R AR, BT A RIREAREX E, I RHE R AR, X
FRAR 5% 21 07 RS2 R 5 22~ 7 file SRR — M E R WS —NEtE, XM REfAE TR
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3.4. MEHARAER

BENLARMAE A — P& 53 95235, K bootstrap fE A MG LA B 4 H L ., MINZREE, BN
REEI KN N JE SRR 0 =70 2 — o EE— bootstrap 112585 3 51 & 3743 2518 )9 B (Classification and
Regression Tree, CART), JL/=4: n, BRI —F “FRAR” , XL S 3 A 31T Y K7 (unpruned) »
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4.1. ZMHEXES

18 /N TR 57K 2 (FFMC) 5 SR R (R R AH DG MR AR R, B B AT T [ TR S

MA LT LAE H temp 5 FFMC BIEAHSS, ABATTIARDGIE R 0.432; RH 5 FFMC e fiAf o, AT
FHIRAEA-0.301; wind 5 FFMC iAok, ABATTI ARG 4-0.028; rain 5 FFMC BIEAHDC, AdATTIAH
FE 9 0.057. [FIIRATAT LAE S temp A1 RH 5 FFMC FAH A2 18558, wind 1 rain 5 FFMC JL-A
I, FEMEZRYERIAR, B IATE EAR S wind F1 rain.

H R B PIFE 7B car" HH 1] scatterplotMatrix eR%L, i) H A5 2 6] eR AR (] 1) LA S B (5] 2).

ML ANE 2 AR LLE A AR B S FEMC IR MR St R, Al i1 18] AT B A7 SR AR 2k
RFR, AL EBEHBALAEZ B S IR 2 0 mA, [R5 EEALE 5 ) ik i sl . B ALAR
WRUA K SRR IR BALAS 7 v BT AT 38 SUERAIE J7 VRS UE B (R4 254, 32k HE g i RO B SR T FEMIC.
WVPREAISCR A, FATANTF BT —. PR FFMC %8s, #—. PR FFMC 8 6 7~ —
K FFMC ¥ e b R s 2R

4.2. BLLEHRE

HI temp F1 RH 14738 58 (4 2 o MR R Byt 25 R T DA, RIS
Yerme = 0.378- X, 0102 Xy, » AEHE X AR Xy, 1 t GETHR AL THEDY 8.106 M1-2.181,  HIXS B
P E#ARLL 27K 0.05 /N, AISH AN [ENH REE R K 0.05 NREANE, iRy
7 o A THE Y 0.899, Fuit=MliHE Ny 61.73, HIA NI P {H )y 2.2e-16, BLEARIE R, Wk
FHR?=0.194, BIEMW AR =0.191, BT RMIMEHRMZE, FEFEHE temp A1 RH 1A
REEA RIS, FEURTLM R REE.

A e ALk BT, 7 JEREAY 78N temp AT RH A58 ELIRAN k0, BRG4GBl LLE B, (8]
JATTTEA: Yepye = 0.09+0.42- X0 +0.01- Xoy +0.18- X - X+ BHE X+ A8 X, FIAZHE X - Xy O
t ikl THE Y 9.120. 0.287 1 5.247, Fi Xqp, HIXT NI P A LL 27K 0.05 K, HARHLG &3 K
0.05 /N, FITFBR Xqy, it [51VH R ALTE . /K 0.05 TR AZ, HARAFAMEENE R AL R E/KF 005 T
BREARNE, B0 RI R 75 2 o MG THE Dy 0.8773, F Guil i iflit B 52.46, HIXRfY P
BN 2.2e-16, WHARIEFFERE, ATRABR? =0.235, BIEMA AR =0.230, W FREMME
RORIRZ, EEJERLE temp M1 RH IAHSCVEA RIS, SBURAILNE R REZE . B RIARIZR: 7]
RAHR? =0.194, BIERTTIRAHR? =0.191, FFEBETRRIOIE R ZE, MAESNZ gt E
IR AN BEAR ST L& i 8t 7T e i 32 3 — setlom B I Fome, SBElERORIR %

Table 1. Table of linear correlation coefficient of meteorological factors

1 SREFRIBLMEXREE

FFMC temp RH wind rain
FFMC 1.000 0.432 -0.301 -0.028 0.057
temp 0.432 1.000 —-0.527 —-0.227 0.069
RH —-0.301 —-0.527 1.000 0.069 0.099
wind —0.028 —-0.227 0.069 1.000 0.061
rain 0.057 0.069 0.099 0.061 1.000




xif

-12-8-4 0

I rain

0 5101520

1210-8 6 4 -2 0 2101 2 3 0 5 10 15 20
Figure 1. Function diagram of data among variables
1 BIEETEZER AR HIE

o o
[eYe)
< <
O i 00 &) i 1 © ©
= | O o s | o o
& 0;) ] % & olo _ o ©
o o
| o I o)
T T T T T T T T T T T
-3 -2 -1 0 1 2 -2 -1 0 1 2 3
temp RH
_O a =17 2 ‘::? ° 8 | OOO [e)
- FRINNER - P
— 0 Vo [e) —]
< o) 80 O < 8
O [ T
= _ °© °© s _
& ? _ o O & olo _8
o o
| [e) l o)
T T T T T T T T T T T
-2 -1 0 1 2 3 0 5 10 15 20
wind rain

Figure 2. Scatter plots of climate variables on FFMC
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Figure 3. Decision tree
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EEZEEM, RHHU, wind B, 1 rain j@4F Do BATEE FU3r 32 SR IER W B8R
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TR A IGUEA R AN 2, JAVE 2 e G RAE IR S o fe L, (2 2 s ST ) MSE
=1.259, ULHIBARILL S BARIRIRANGY, W R EWE A SR VEROR . VR SR G & AR B

4.4. NIBFEIFE

H1 T b [N RORAN T, (EZ 80 T LURISR 732 I8, AEASC 2] Logistic [BIAAHLES 22 3105,
IR, N TAPZEMZE R, BELARMR, SCRFFENUN K AR5 IR B -

Logistic [E11, RIFH, AN THLMAEREIE, BEPLARAK, SORFRENM K IAEFR S a R I« 3.

M 3 T AR X BT VA R R A LU, #(E 40% e, RCRASRAREF, X AT REER A 2 2+
AR, BEHUARMA ST F BN S RARRNE R 4 — /i, BVRXE A RERIF A Gz 8, FRATEL
Ja & FRE L TRERIE LR, AR EATRBR FU S T 5

5. &g

R P O AR G AT R I B SR 5 K RO A —RE IR, FLEAI A 4 R A U H ARt
B ILRPERNAFFAE B E K, EORE 4 FHEREATE AR5 BRI BE TR AT BEA2 AR 2 MEAR SC (1 (A SC T8 19
FESE BV FBREIE W EA R AR R AR SR 1) -

SCERE RGN T LA A B 5 FRMC 2R PEARSSIE I f AN, Al T 18] W] REAF A2 R M Al 2k o)
R, BIERAAEZ IOR ORI 22 T ml A, BATH 0 38 OIAIE T iR e R (AR 5 1, 8 Hh e
HRR BRI FEMC. 73 R ACR AT RN, AT FEMC dfs BAC sk /D ) [) B 32 8eq, IFAS
REAE AN E) B E SR UL Y FFMC (5

BRI BA VSRR BE AR T 0 IR E E R KR A — R, R R, RN 1, K
KA, ATy 0 W, FIFINLES 52 21 53R B T2 5 A AE AR K R o T EAE B LARAR [ i A o

Table 2. Half off cross validation results
2. AN EIESER

EUEVRES MSE
Egnz gl | 1.259
R 1.285
BEATLAR 1.278

Table 3. Machine learning half off cross validation results
2 3. R/EI R NIIUELER

53851 A
Logistic [A])5 0.487
AR 0.412
BaALARA 0.325
NTAHEE M 2% 0.433
SCHFIAEAL 0.362
K 1Z 48 0.507
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