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A multi-factor forest fire risk rating prediction model based on particle swarm
optimization algorithm and back-propagation neural network
WANG Lei, HAO Ruoying, LIU Wei, WEN Zuomin

(College of Economics and Management, Nanjing Forestry University, Nanjing 210037, China)

Abstract ; Forest fire destroys woodlands and forest resources, and emits massively greenhouse gases. It has been rec-
ognized as a series disaster for the sustainability of forests. Prediction of the risk rating for forest fire early warning has
been a hot topic and widely investigated in recent years. To prevent forest fire and mitigate loss, an effective forest fire
risk rating prediction desires for a real-time and region-related result. The relevant existing studies have proposed some
forest fire risk rating prediction approaches. Nevertheless, the exiting approaches still cannot meet the previously men-
tioned forest fire prevention application requirements. Firstly, different models fit well for different regions ( concern-
ing climates and fuel types, etc.). Seldom approaches can scale for different regions. Secondly, the prediction results
are split by days. To perform short-term multi-factor forest fire risk rating prediction and guarantee the accuracy and
scalability of prediction model, we investigated the machine learning methodologies in this paper and proposed a parti-
cle swarm optimization (PSO)-based back-propagation ( PSO-BP) neural network model. Specially, we incorporated
the following 16 forest fire dangerous factors based on the existing reports in PSO-BP, i.e., meteorological factors (e.
g., daily maximum air temperature, daily average air temperature, 24-hour rainfall, the number of dry days, hours of
sunshine, daily average relative humidity, and daily average wind velocity ) , terrain factors (e.g., altitude, gradient,
exposure, and soil water content) , combustible factors (e.g., types of vegetation, fuel moisture content, and content
of forest litter) , and human factor (e.g., density of population, distance to the human activity sites). As for the PSO-
BP model, we firstly used BP neural network as the foundation technology to construct the prediction model. To guar-
antee the performance in terms of computational complexity of the prediction model, we then adopted PSO algorithm
to speed up the convergence speed of BP neural network training process. We also presented a case study based on the
data collected via the sensor-network-based forest fire prevention experimental station, Xiashu Forest, Nanjing
Forestry University, China. The experimental results suggested that: 1) The PSO-BP prediction model constructed
based on the training data set can effectively predict the forest fire danger ratings in the near-future for the study re-
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gion; and 2) The efficiency in terms of computational complexity for training the prediction model using the PSO-BP

is better than that of those models using solely BP neural network.

Keywords: forest fire danger rating; forest fire factor; back-propagation neural network; particle swarm optimization;

particle swarm optimization based back-propagation (PSO-BP) neural network
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Table 3 Demonstration of training data set for PSO-BP
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Table 4 Tested data and predicted results of PSO-BP model

- M E
1 2 3 4 5 6 8 9 10 11 12 13 14 15
X 33 22 17 11 6 19 28 28 37 38 6 18 22 26 21
Xy 24 18 11 5 1 8 24 32 33 2 12 18 17 16
X3 12 3 5 2 11 3 12 3 6 3 1 5 22
Xy 4 8 10 3 5 5 0 3 0 5 9 11 0
x5 17 4 9 7 14 8 12 13 13 10 13 6 8 6
Xg 41 31 24 26 39 25 18 35 20 38 16 28 26 34
X7 11 8 4 5 2 4 3 4 3 4 2 8 1 4
Xg 150 30 95 140 70 97 90 130 133 74 126 88 90 120 250
X9 18 55 21 13 19 19 23 16 24 46 24 24 53 9 12
X1 2 2 3 1 3 4 2 3 2 2 1 1
X 8 6 10 6 8 13 7 9 7
Xy 1 3 1 1 2 1 2 3 3 3 2 3 1
X3 41 31 24 26 39 26 26 53 25 26 24 25 24 43
X1y 4 9 8 23 10 22 28 29 13 12 22 23 11 14 15
X5 4 9 8 23 10 14 8 2 3 3 4 9 14
Y16 4 9 8 23 10 12 16 13 12 19 5 8 17
x5 NEEZTMUNERERTERILER
Table 5 Comparison of predicted results and labeled results in the tested data set
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BP TR0 45 SR o B 2R 1 Dk 2 iR B AR T BP A
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Table 6 Comparison of 10 runs of BP neural
network and PSO-BP models

TR PAThRS  BARE R2/x107! Hifal/s
1 269 0.148 76 14.013 6
2 271 0.147 03 14.128 0
3 243 0.149 78 12.682 4
4 197 0.139 67 10.280 0
BP M 5 220 0.146 93 11.476 0
[ 25 A5 751 6 262 0.143 27 13.680 8
7 194 0.145 60 10.144 8
8 222 0.148 70 11.559 2
9 220 0.139 72 11.476 0
10 230 0.146 41 12.016 8
1 243 0.132 17 12.682 4
2 215 0.133 45 11.216 0
3 186 0.124 65 9.687 2
4 175 0.132 84 9.136 0
O—— 5 137 0.135 16 7.160 0
) - 6 207 0.127 65 10.789 6
7 162 0.134 00 8.480 8
8 157 0.129 93 8.200 0
9 179 0.129 85 9.344 0
10 205 0.133 18 10.685 6
4 b

PARE MOl K22 N BRI A o I, 456
B R BRI, B8 SRR R P AR R R
GRS 7/SESON SIS LR R O X P R
VRTINS E, FESLEERE I iz TR R L
R EGIE Y BP 25 N 28 8 ST AR K 2 30
PSO-BP %! PSO-BP # AU U Mk #h T BP #fi1 8
W £ A5 8 A S B AR /ML B 1 22 IRt
AEEE, PSO-BP A5 A W] P B8 of iy b iy
gL MR¥E PSO-BP #EAI R 2 Al Matlab 1F,
L TR K B AR TN R R R S, e R
T 22 58 ] RS- M o0 M AL B 16 A4 I TR 2R 1 B
TN HE R X IO KB AR, AT RS DX 7 ok A R

TSR AR | Z AR AT D 1] HAT AR SR 25
IMREHE

AW S I XK S5 5 P i 2 2R ¢
e A PRBE AR /N RURE B GE A2 BRI T
Hh, AT v TN 2, L BE A S ) S SRR e
G AT B, A6 45 I BT AR AP 5 A
SRR AR DG IR T B A A il b T AR o —
A/ N AT BE
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