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Improved Bayesian Network Intrusion Detection
Technology Based on Deep Learning
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Abstract:In view of the problem of training data set attribute redundancy and the lack of considering the changes in

the network environment of the traditional Naive Bayesian network intrusion detection technology,this paper proposes an

improved Bayesian network intrusion detection method,combining deep learning and sliding window.In this method,deep

learning is utilized to extract feature attribute,reducing dimension data sets;the sliding window technology updates Bayesian

network parameters,calculating the relative Euclidean distance between the various properties;the Bayesian network is

updated according to the size of the relative Euclidean distance in order to improve the detection rate.The experimental

results show that the improved Bayesian network can improve the operation efficiency and detection rate.
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Fig.1 A deep learning model with multiple hidden layers
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Fig.2 CNN model
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Fig.3 Training process of convolution neural network
3 DIt Er 4% (Bayesian network)
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Fig.4 Naive Bayesian Classification model
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(Intrusion detection algorithms based on deep

learning and Bayesian networks)
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Tab.2 Accuracy comparison
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Fig.5 Bayesian network structure change diagram
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