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Lung sound classification algorithm based on wavelet transform and CNN-LSTM
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1. School of Information Engineering, Gansu University of Chinese Medicine, Lanzhou 730000, China; 2. Medical Security Center, The
940th Hospital of Joint Logistics Support Force of Chinese People's Liberation Army, Lanzhou Gansu, 730050, China

Abstract: Objective To establish a hybrid deep learning lung sound classification model based on convolutional neural
network (CNN)-long short-term memory (LSTM) for electronic auscultation. Methods Wavelet transform was used to extract
features from the dataset, transforming lung sound signals into energy entropy, peak value and other features. On this basis, a
classification model based on hybrid algorithm incorporating CNN and LSTM neural network was constructed. The features
extracted by wavelet transform were input into CNN module to obtain the spatial features of the data, and then the temporal
features were detected through LSTM module. The fusion of the two types of features enabled the classification of lung
sounds through the model, thereby assisting in the diagnosis of pulmonary diseases. Results The accuracy rate and F1 score
of CNN-LSTM hybrid model were significantly higher than those of other single models, reaching 0.948 and 0.950.
Conclusion The proposed CNN-LSTM hybrid model demonstrates higher accuracy and more precise classification,
showcasing broad potential application value in intelligent auscultation.
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Figure 1 Flowchart of feature extraction using wavelet transform
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Figure 2 Structure diagram of convolutional neural network model
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Figure 3 Structure of long short—term memory neural network
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Figure 4 Structure diagram of CNN-LSTM hybrid model
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Table 1 Structural parameters of CNN-LSTM hybrid model
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Table 2 Model training hyperparameters
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Figure 5 Raw data statistics
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Figure 6 Data statistics after processing
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Table 3 Accuracy and loss rate of each model on the validation set
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Figure 7 Model accuracy and loss rate curves
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Figure 8 Feature visualization
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Figure 9 Confusion matrix of each model
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