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RBF fire prediction model based on improved PSO optimization
SUN Lihui, ZHOU Jie, XU Jinming

(College of Information and Control Engineering,Jilin Institute of Chemical Technology, Jilin 132022, Jilin, China)

Abstract: Aiming at the problem is that the system predicts the fire state inaccurately, which leads to the fire becoming bigger and
causing the loss of people’s lives and property. A fire state prediction system based on the radial basis neural network multi—sensor
data fusion algorithm with improved particle swarm optimization is proposed, taking the temperature, smoke concentration, and
carbon monoxide concentration as the inputs. The probability of no fire, shaded fire, and open fire are the outputs, and to avoid the
outputs from bias, the fuzzy inference system compensates the outputs of the neural network system. Due to the defects of the
particle swarm optimization algorithm which is easy to fall into local optimum, an improved nonlinear dynamic adaptive inertia
weights particle swarm optimization algorithm (IPSO) is used. After simulation experiments, it is found that the improved system,
for example, the average absolute percentage error reaches 0.169, the root mean square error reaches 0.002 1, and the average
absolute error reaches 0.031 in the case of open fire.
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Table 2 Comparison of evaluation indicators of each model
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