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Research on Fire Risk Assessment Based on Hidden Markov Model
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Abstract : In recent years, global climate change is becoming more and more complicated, natural disasters occur frequently, for-
est fire prevention forms are becoming more and more severe, and forest fire risk assessment is becoming more and more important. A
forest fire risk assessment model based on Hidden Markov Model (HMM) was proposed. Firstly, a forest fire risk index system was
constructed, which was divided into 12 indexes in 3 categories: meteorological conditions, forest characteristics, and fire prevention
awareness and ability, and the index weight was calculated according to the analytic hierarchy process. At the same time, in view of the
strong dependence of the Baum—Welch algorithm on initial values and the problem of easily falling into local optimum during the solu-
tion process of HMM model, this paper proposed to search for the global optimal solution as the initial value of HMM through particle
swarm optimization algorithm, and then used the Baum—Welch algorithm for local correction, so as to make it converge quickly to the
global optimal solution. Using two models optimized before and after, the evaluation of forest fire risk data in Chongqing was conduc-
ted. It was verified that the optimized model could effectively evaluate forest fire risk and was more accurate compared to the original
version. This can provide effective guidance for regional forest fire prevention work.
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Fig. 1 Forest fire risk assessment flowchart
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Tab. 1 Forest fire risk assessmentindicators
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Tab. 2 Importance scale of forest fire risk secondary indicators
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Tab. 3 Stochastic consistency indexes for different order matrices

E
B () 1 2 3 4 5 6 7 8 9 10
Order
R, 0 0 0.58 0.90 1.12 1.24 1.32 1.41 1.45 1.49
R4 BEF-HMREER

Tab. 4 Consistency test results of each indicator
EfEL Y AR K B EAL T AR gt Toii FRMRERIE B KRN FIRE )
Indicators Forest fire risk indicators Weather condition Forest features Fire awareness and ability
R, 0.008 9 0.049 6 0.053 6 0.0517
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Tab. 5 The weight of each forest fire risk indicator
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Rk & 0.216 9
R Lt H P24 i 0.108 8
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FHR 0.164 3
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B M I 0.063 6
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0.1784 0.2617 0.0270 0.2176 0.3150
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0.0000 0.6881 0.0000 0.1020 0.2099
a; =[0.1083 0.0000 0.6401 0.0000 0.2291 |, (11)
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Fig. 2 F1-Score of two HMM models at different
threshold levels
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Fig. 3 Comparison of risk assessment results before and after optimization
sessment and spatial pattern study on forest fire risk in
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