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Abstract

Forest fire is a major environmental problem, resulting in economic loss and ecological damage,
and endangering life. How to predict, prevent or reduce the damage of forest fire has become a
scientific task of many disciplines. The traditional approach is to use a satellite, an infrared
scanner, and a local sensor. However, due to the delay of the satellite positioning and the high
cost of the scanner’s equipment and maintenance costs, these solutions can not be used to solve
all the situation. However, the study shows that the meteorological factors have an important
influence on forest fire. Therefore, many scholars have established system for forest fire pre-
diction and the meteorological data into the quantitative index system. With the rapid devel-
opment of random computer, many scholars have applied the method of machine learning to
forest fire grade prediction model, but the effect is not very ideal. This paper presents an im-
proved method of support vector machine method based on machine learning, because the
least squares support vector machine is with a higher accuracy and shorter time consuming to
process small sample size of the data. In this paper, we select the UCI database of forest fire
forecast data processing, select Gaussian function (radial basis function) as the kernel function
of least squares support vector machine, according to one of multiple classification algorithm
design of least squares support vector machine classifier, using particle swarm optimization
algorithm to choose the optimal parameters. Finally, it is compared with the support vector
machine, BP neural network, decision tree and so on.
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Table 1. Correlation matrix of forest fire data

L RMAREBEENLEZ EHHEXERERE

FFMC DMC DC 1SI Temp RH Wind Rain

FFMC 1.00 0.38 0.33 0.53 0.43 —-0.30 —-0.03 0.06
DMC 0.38 1.00 0.68 0.31 0.47 0.07 -0.11 0.07
DC 0.33 0.68 1.00 0.23 0.50 —-0.04 -0.20 0.04
ISI 0.53 0.31 0.23 1.00 0.39 -0.13 011 0.07
Temp 0.43 0.47 0.50 0.39 1.00 —-0.53 -0.23 0.07
RH -0.30 0.07 -0.04 -0.13 -0.53 1.00 0.07 0.10
Wind -0.03 -0.11 -0.20 0.11 -0.23 0.07 1.00 0.06
Rain 0.06 0.07 0.04 0.07 0.07 0.10 0.06 1.00
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Figure 3. Frequency of different forest fire levels
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Figure 4. The change of the miscarriage rate of justice with
the change of core width parameters

4 RFVERREREIE S MR
10.2

1 1 1 1

0 2 4 6 8 10

Figure 5. The change of the miscarriage rate of justice with
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Table 3. Classification results of various classification methods
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