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Prediction of bioaerosol concentration based on PSO-GA-SVM

fusion algorithm and fluorescence lidar
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Abstract: Bioaerosol particles spread widely in the air, and high concentrations of bioaerosols pose a great threat to hu-
man health. To achieve early warning and prediction of atmospheric bioaerosol concentration, this paper uses fluores-
cence lidar as the detection tool. Based on the acquisition of bioaerosol concentration profiles, combined with relevant
parameters of the atmospheric environment, particle swarm optimization (PSO) and genetic algorithm (GA) are used
to optimize the support vector machine (SVM) to establish a bioaerosol concentration profile prediction model. Using
temperature, humidity, PM2. 5, PM10, CO,, SO,, NO,, O,, wind speed and other related parameter data as inputs,
and bioaerosol concentration profile data as outputs for model training, the prediction model parameter configuration is
determined. New atmospheric environment parameters are reintroduced, and the trained model is used to predict the bio-
aerosol concentration profile, which is compared with the bioaerosol concentration profile detected by fluorescence li-
dar. At the same time, different algorithms are analyzed to optimize the model's predicted bioaerosol concentration and
its relative error.
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Table 1 Specifications of the fluorescence lidar

Definition Reference value
Pulse energy 60 mJ
Field of view of telescope 0. 5 mrad
Quantum efficiency of the PMT 0.2
Transmission of receiving optical train 0.3
Filter bandwidth 10 nm
Diameter of telescope 25 cm
Laser wavelength 266 nm
Fluorescence wavelength 310~440 nm
Pulse repetition frequency 10 Hz
Detector frequency bandwidth 5 MHz
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