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Construction of forest fire prediction model based on Bayesian model averaging
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Abstract: [Objective] Based on the Bayesian model averaging method and binomial Logistic regression
model, this paper constructs a forest fire prediction model in Dali Prefecture, Yunnan Province of
southwestern China, so as to improve the prediction accuracy of forest fire and provide technical support for
forest fire management in the study area. [Method] Using the forest fire data and corresponding
meteorological data of Dali Prefecture from 2000 to 2013, the binomial Logistic regression model and the

Bayesian model averaging method were used to empirically analyze the response of forest fires to
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meteorological factors in this area. The binomial Logistic regression model is a single model. Before
modeling, the explanatory variables with significant collinearity were eliminated by multicollinearity test.
Then, the final variables were screened by stepwise regression method and the parameters were fitted. The
Bayesian average model is a combined model. When modeling based on the Bayesian model averaging
method, the Occam’s window method was used to appropriately adjust the model space, and the posterior
probabilities of the five optimal models were used as weights for weighted modeling. In this paper, the all
sample data were randomly divided into 80% training samples and 20% test samples. A model was built
based on the training samples to predict the test samples. The accuracy of the model was calculated by
comparing the observations and predictions. [Result] Fitting through the binomial Logistic model, the
results showed that: the model fitting goodness was 0.783, and the prediction accuracy was 0.718; through
the Bayesian average model fitting, the results showed that: the model fitting goodness was 0.868, and the
prediction accuracy was 0.807. The comparison of the prediction results of the two models showed that: in
the training set, the prediction accuracy of the Bayesian average model was 9.3% higher than that of the
binomial Logistic regression model; and in the test set, the former was 8.9% higher than the latter.
[Conclusion] In the prediction model of forest fire occurrence in Dali Prefecture based on meteorological
factors, the goodness of fit and prediction accuracy of Bayesian average model were higher than that of
binomial Logistic model, indicating that the Bayesian model averaging method had certain practical
application significance. It can be used to improve the prediction accuracy of forest fire in the study area,
which is beneficial to the decision management of forest fire.
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Fig. 1 Distribution of fire points in the study area from 2000 to 2013
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Tab. 1

Basic statistical description of model variables

#7145 & Model variable

AR XY Variable code  #2/ME Min. value i KfH Max. value ¥4 Mean A5 Z SD

H V¥R % Daily average wind speed/(m's ™) WIN avg
H £ K JX# Daily maximum wind speed/(m-s ") WIN_max
H #& 1S % Sunshine hour/h SSD
H-F1¥<JE Daily average pressure/kPa PRS_avg
HF4)< I Daily average temperature/°C Tavg

H 55 < Daily maximum temperature/ °C Tmax
H 5“5 Daily minimum temperature/C Tmin
H*F357K7R & Daily average water vapor pressure/kPa VP_avg
H-FFHXHE E Daily average relative humidity/% RH avg
H 5 /MEXTEE Daily minimum relative humidity/% RH_min
il —H20:00—20:000 /& Pre
20:00 the day before—20:00 precipitation/mm

4H/NTTERY)VE RS Fine fuel moisture code FFMC
HH B 5 U FE TS Duff moisture code DMC
F 544 Drought code DC

YU & FEFREL Initial spread index ISI
ZHIREL Build-up index BUI
K& RS ABEL Fire weather index FWI
‘K 5, Fire point Fire

0.80 10.80 3.64 1.38
3.10 20.60 9.21 2.35
2.20 12.20 9.24 1.80
79.33 80.75 80.05 0.22
4.20 24.10 15.88 3.34
12.10 31.00 23.34 3.17
—0.80 18.20 8.59 3.92
0.27 1.68 0.71 0.21
21.00 72.00 41.46 8.27
6.00 46.00 18.78 5.71
0 3.00 0.03 0.23
79.33 97.56 94.6 1.70
18.18 342.68 113.29 52.55
61.91 660.71 373.32 98.28
1.44 15.63 10.01 1.99
23.92 339.76 128.54 48.63
5.35 49.05 33.47 7.14
0 1 0.50 0.50

VE: BRI EAEA BN 102. Note: sample number of each model variable is 1 102.

Tab. 2 Multicollinearity test of variables

A5 & Variable WIN avg WIN_max SSD

PRS avg

Tmax Tmin RH_avg RH_min FFMC ISI

VIF{H VIF value 8.67 1.40 9.13 7.68

6.67 8.12 8.11 3.79 1.95 9.35

# 3 Step LR #ESHIE

Tab.3 Parameter estimation of Step LR model
A flitt R HL brdERZE  ZE PlH
Variable Estimated coefficient Std error Z value P value
HFE Intercept —13.006 2.225 —2.923  0.003
WIN_max 0.013 0.003 3.932  0.000
Tmax 0.049 0.004 11.281  0.000
Tmin —0.030 0.004  —8.448 0.000
RH_avg —0.129 0.013 —9.903  0.000
RH_min 0.055 0.020 2733 0.006
FFMC 0.077 0.023 2.091 0.037

Ej iz X bR K A 3546 S35 A DG, R WIN max.
Tmax. Tmin. RH_avg. RH_min /£ P < 0.01 /K~F_L#k
BE MR, FFMC 1E P < 0.05 /K7 LR EMHK.
4.13 ZYFEHEIFH )R 05

M. ROC 1443 #riZ % Step LR 452 2 11 F51 1)
Re S AT LG AR BE AT AR, IR TH AR ORI 73 2K

. & 2 AR ) ROC #HIZE K, ROC #IZE T 1)
A (AUC )7 0.783, &3 /K P <0.001, 1t B
BEAY B A 0 BE N 457K T o AR £ 8 R H A ]
PR KR A ) 43 R IR N 0.498, LLIZAR N 43 5t 5t
PR A B TR 2 KT 0.498 MURA MR KR AR,
/NT0.498 TR 9 TE Ak KR A itk — B iE LA B
20% WAECHE FE R AR KR AR TR 24 0.718
4.2 DUMHTEIERI ST
42.1 BMA B 84 34

AR 17 MR R, FIH & MR
KR A 1) Logistic 554, ] § 47 75 1B R A 50 s
3K 217 AN, DU R AR S 2 R 7 AR 2 [ e ) A
— AN, AR 55155 R (1 5 56 MR e Sk A R L PR ok
AR YRR ) B B, R g ASE 2R 4 ) O R DA AR
B ¥ Fire(1 f1 O WAL & Y, & ELH T
WE AN HE AR X, @57 BMA B8, f§ H R BT
“BMA package” #1715,

RSB T8 R A6 AR 2R Sl 50 Rk 2R BV 38 5 o3 A (1 A



%58 I

+ LT DU AR 48 1 AR AR K

TR A B L —— DL 2B 48 KB A 51 49

1.0

o
)

o
=)
T

AUC: 0.783

U Sensitivity
(=]
>

o
[\
T

0 0.2 0.4 0.6 0.8 1.0
1S
1-specificity
AUC Jy 2 i
K2 Step LR A ROC HhiZk &l
Fig.2 ROC curve of Step_ LR model

B (A, T 2 H RS B, e ARAE Bk
555 A, SR T BR UM% (Occam’s window) ) /5 ¥2:
R IE 2 VAR 2 (], R9sb — 8 MR R B i, AR S
WE 24— /MR 1 5 50 M2 (PMP) /N T B B f5
B NEZR 1Y) 5% IF, T AAASE 2R 2 [i] 4 53 %%F”é*%
il 3 fron, BARUMEE I T 98 MR, A
RS T AL .
422 Mrt AR AR 09 My

AL DU A5 T (9 )5 30 2R X 98 ML
PR T UL R P 1), R 25 R L 4.

H 2 4 7] A1, Tmax K J5 %65 #2504 98.0%,
VP avg E@F@ﬁ@é\ﬁ%%ﬂj 95.6%, BUI (1] J5 6 0, &
ME% N 70.0%, X 3 MEE P E RS HRE R, &

NIE. AUC, area under curve. The same below.

WIN_avg-]
‘WIN_max |
S|

DMC| (| lll In IlIlIII IJ“Il\!

BUI
FWI:_lIIII I_1RRLI IIIIIII il |

1 ||||| IDUALULUL YL T
11 15 20 26 33 41 51 64 79 98

*%ﬁ'hﬁv Model No.

PR R PR A B s T ) 98 AMRREA L R AR % | e P AR
o ROV ST, T8RN I R SRR RN, A i
BN, ZO0RRZEESPHRTEFEEMRIR B
RRFFAETAMR KRR, TPOR RN LR LA POEN B,

The figure shows the 98 models selected according to the Occam’s

window and the variables selected by each model. The x-axis refers to
the model No., the width represents the posterior probability of the
model, and the y-axis is equidistant, showing the code of each
explanatory variable. The red indicates that the variable has a positive
correlation with the explained variable, the blue indicates that there is a
negative correlation, and the variable without colour is not selected into
the model.

3 BMA BRI
Fig. 3 BMA model visualization

IRFEIX 3 MR ERT AR COR A BOR M o HAth AR
A5 1 )5 56 B B R SR AR RN, 1 B X S R AR
X PR K AR R 5 ) g R S5 o T MAASE 2R P A2 1
SR, BAER R (model 1)1 J5 56 MR AN 0.062,
BT 5 MR Rt R I WA 0y 0.249, kAl W, B
R PRIANHf 58 MEAE 12300 B A 2 K
AICLL 5 AN RAR Y 1) J5 S MR R A A AT

HIAL, KH % BMA LogisticCBMA LROZH & 17
IIAUEE S I P ARy

1

p= 1 + e~(7:233-0.001X,+0.003X,+0.012X;-0.001X,-0.020X5-0.001 X +0.002X; +0.002X5) (4)

b p ARICOR AR Xy O H A% (kPa);
X, NHFBESRCC); X N H SR CC)s X, N
H ARSI CC); X5 A H - FHIKEE (kPa ) X, A H
SEBIAIRIEE (%) 5 X; 9 H /MR EE (%) Xg N
SRR
423 NrtRr-RARR eI

N ROC M1 2% 73 #ri st BMA LR 7R (1) F 0
RE T IEAT G AR EER B0, I v B ORI 3 SR
. B4 ATMAELAF ROC #h 2k K, H ROC 2k
FHIHE R (AUC 18O 0.868, &2 /KF P <0.001,
VLR O AL A . IR A B e B A T8
Mok R A5y K BAE N 0.562, LLZAE N4> i, K
KEAERI TR R AE KT 0.562 FAH MK R, 7
T 0.562 WAL N TR K R A HE— 511 AR 3] 20%
DRI ST RO A [ T A % 0.807, 45 51 {2

AR BB v (R TN e 77, T T OR BN AR KR
A TR TR TR -
43 AEEEMITE ST
43.1 mAIAFRFR

Step LR 1 % il BMA LR 8 [ fi 28 6 5 4k
AN 5 Fron . £ BMA LR # % 1, Tmax.
VP_avg fll BUI 3 /M8 & [ J5 560 & M2 i K, X
3R E A Tmax #E N T Step LR #2117 45 b
2.
432 AT A E

MR AR T AR B e R 25 R, 43 A Step LR 2!
AT BMA_LR 5 8 F5000 e 1 22 R AT 1H 5 . fEYIZR5E
i1, BMA_LR A5 4 (1) FU U e A 2R LE Step LR B &
9.3%, {EIRAE T, BMA LR #5571 f) F5000 vh oy 2 b
Step_ LR #5255 8.9%, 45 H &7~k BMA_LR £ 5 A
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Tab.4 Model average based on Bayesian posterior probability

Variable p!'=0 SD Model 1 Model 2 Model 3 Model 4 Model 5
Intercept 100 45.070 —6.028 82.170 —5.490 86.100 —3.648
WIN_avg 1.3 0.002
WIN_max 11.5 0.003
SSD 5.9 0.004
PRS avg 23.4 0.005 —0.011 —0.012
Tavg 26.8 0.021 0.048
Tmax 98.0 0.015 0.054 0.054 0.028 0.063 0.046
Tmin 26.6 0.011 —0.024
VP_avg 95.6 0.023 —0.081 —0.082 —0.077 —0.102 —0.064
RH_avg 19.7 0.036 —0.038
RH_min 339 0.033 0.061
Pre 0.0 0
FFMC 0.3 0.004
DMC 16.6 0.005
DC 6.0 0.001
ISI 0.0 0
BUI 70.0 0.006 0.008 0.007 0.007 0.007 0.007
FWI 8.3 0.013
nVar 3 4 5 5 4
BIC —=7039 —7038 —7 038 —7 038 =7 037
post prob 0.062 0.057 0.056 0.039 0.035

T TR RPN A, e Variable RoR A E, pl=0 94 B0 R ECA N EHF M, SDAFRHEZ, model 1 ~ model 5ABMAf 1% ) 5 B ik
FECKHIS MR, InterceptARRBR I, MWIN_avgEFWIN KRS, 25K, nVar WALk 1 #9382 4L, BICHY N5 &, post prob Atk
TS K HE# . Notes: this table is the program output table, where Variables represents the model variables, P!=0 is the posterior probability that the
regression coefficient of the variable is not zero; SD is the standard deviation; model 1-model 5 are the 5 models with the largest posterior probability
screened by BMA; Intercept is the intercept item, and from Win_avg to FWI is the variable code, as shown in Tab. 1. nVar is the number of variables
selected by the model, BIC is the Bayesian information criterion, and post prob is the posterior probability of the model.
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%5 Step LR ##EIF0 BMA LR #E R & IEHR 0 R R TNERZER
Tab. 5 Final indicator system and prediction accuracy in the Step_ LR and BMA_ LR model

TR #ERf % Prediction accuracy/%

57 Model R FEFR1A & Model index system
Y54 Training sample (80%) M 4E Test sample (20%)
Step_ LR WIN_max, Tmax, Tmin, RH_min, RH_avg, FFMC 73.3 71.8
BMA LR PRS_avg, Tavg, Tmax, Tmin, VP_avg, RH_avg, RH_min, BUI 82.6 80.7
DR K AR (0 B R B G T el e H 51K 23-27.
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N e 2020(2): 23-27.
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