MRS ISSN 1003-3254, CODEN CSAOBN E-mail: csa@iscas.ac.cn
2026,35(1):219-227 [doi: 10.15888/j.cnki.csa.010057] [CSTR: 32024.14.csa.010057] http://www.c-s-a.org.cn
O R 27 B AT W I AL A Tel: +86-10-62661041

454 CNN-LSTM-SVM BU4FERE & 7Ef 3 2 A b ElEiaD

BN Y :‘;I.i?"
B, RKR, B TREN, ¥ R Ofzarns

(THERY G R TSR, 4R)1 750021)

by R R 2 B HAR 2B, 4111 750021)

by R R i AE BT RE B, 41 750021) Y

WE/E#: B &, E-mail: zhaojing nx@nxu.edu.cn \

B AW B TARTHAR L 2 SIAE S 0 W U N 283 R i, 100k BILRAR FE 2 ST RUAE il 35 2 B vh
I HE B B AN R ANZ A RE A BRI R, AR e A 7 — BT E, 2 R S B M 4% (convolutional
neural network, CNN). %5 #1c1Z (long short-term memory, LSTM) M 4% F1 37 £ [r) & 41 (SVM), SLIL T X hili& {55
() T ROFR AN 3 AT 1 Sk il 245 5 3R AT TRAL P, SR I B AL (5 -5 0 G 2 1 7 ZR R e i s L osev IRt 17—
AMEL CNNL LSTM Al SVM HR BE 5 SN ZAE I 5 J o A 25 45 5 B 4 A 2] CNN-LSTM-SVM HJUR B 27
W rh, DR BUORFEL G i 2 (I RISV . S0 45 2 W, %7 VA0 A IR . RS2 A Fl-score iX 3
KEEVEREFR bR LT AR F] 96.20% . 96.56% 1 0.96 [ 1m1 /K. IX L8 45 BIESE | BT 77 V2 i) s RCHE AN n] 24, it 0
PN IS WAL T — R R IEAR, JEE T ) 3B B TR PR V2 W i 1 R RO .

KRR Ml 0 Ar; RP R Rl & A2 BEAS 0 il AR I 2% KR INCAZ M 455 SCRF ) B L

SR X ER ALK, TR, T B, V. 45 & CNN-LSTM-SVM [RRHIE Rl & 72 T 25 247 o 09 2 H SR R G 3 FH,2026,35(1):219-227. hittp:/
www.c-s-a.org.cn/1003-3254/10057.html

Application of Feature Fusion Combined with CNN-LSTM-SVM in Lung Sound Analysis
ZHAO Jing', DU Yong-Fei', WEI Hai-Cheng’, ZHANG Zhi-Peng', XU Yang’

%

'(School of Information Engineering, Ningxia University, Yinchuan 750021, China)
*(School of Medical Technology, North Minzu University, Yinchuan 750021, China)
*(School of Electrical and Information Engineering, North Minzu University, Yinchuan 750021, China)

Abstract: This study is dedicated to enhancing the application efﬁciency and accuracy of deep learning in lung sound
analysis. In view of the insufficient robustness and limited generalization capabilities of existing deep learning models in
lung sound analysis, it proposes a method that integrates the convolutional neural networks (CNN), long short-term
memory network (LSTM), a"nd\'support vector machine (SVM) to achieve efficient and in-depth analysis of lung sound
signals. The method begins with the preprocessing of lung sound signals to extract reconstructed signals and their
corresponding Hilbert spectra. Secondly, a deep learning network model that integrates CNN, LSTM, and SVM is
designed and built. Finally, the processed signal data are input into the CNN-LSTM-SVM deep learning network to
extract and fuse the time-domain and frequency-domain features of lung sound signals. Experimental results show that the
method achieves high levels of 96.20% for the recall, 96.56% for accuracy, and 0.96 for F1-score. These results confirm

the efficiency and reliability of the proposed method, providing a new technological approach for the early diagnosis of
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lung diseases, and potentially significantly enhancing the speed and accuracy of clinical diagnosis.

Key words: lung sound analysis; feature fusion; variational mode decomposition; convolutional neural network (CNN);

long short-term memory (LSTM) network; support vector machine (SVM)
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