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Abstract: Aiming at t ms of complex feature extraction algorithm, too many training parameters, and
unsatisfactory detection re

method (GCNN-LSTM) co

network intrusion detection model, this paper proposes a network intrusion detection
\ning improved convolutional neural network and long short-term memory (LSTM) network.
Firstly, convolutional neural network is used to perform feature selection on the flow data, and its full connection layer
is replaced by global pooling layer. Then, in view of its powerful time series learning ability, LSTM is used to learn and
classify the features selected by the improved convolutional neural network, in order to obtain better efficiency and accuracy
in network abnormal data detection. Experimental results show that the proposed model has a good detection effect on the
UNSW—NBI5 dataset. Under the same conditions, the accuracy of the model using the traditional convolutional neural
network is 84.97%, and its raining time is 76.3 s, while the accuracy of the proposed model is 88.96%, and its training time
is61.1s.
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