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Abstract

Aiming at the low accuracy of the traditional network security situation perception prediction
method, this paper presents a network security situation prediction method based on PSO-LSTM.
Due to the timing of network security situation data, the past situation values often affect the fu-
ture network situation. LSTM network can effectively process data with temporal characteristics,
and at the same time, the super parameters of LSTM network can be optimized by the excellent
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global search capability of PSO algorithm. Results show that the method proposed in this paper
can effectively improve the accuracy of situation value prediction.
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Figure 1. LSTM structure
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Figure 2. The flow chart of PSO
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Figure 3. Situation curve
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Figure 4. Experimental result diagram
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Table 1. Mean square error table
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