5 467 55 2 W BT 5 fF B % ik Vol. 46No. 2
202442 H Journal of Electronics & Information Technology Feb. 2024

H E A R E T LSTM#HZ MBS e SR BIZE A

A%HYY HERS  Has?
(b EHFRFFRALA T 100083)
O EAERKFERDKER LT 100049)
O(bERLRFE T 100083)

& OFE: LM IE A ERIE TN UR 2 PR —, BRI O e (O T SR Rl is i 200 E 2. AT
WESH AR 5 TN E 2 W B AR TE 7 e X6 OB K IRIWT IS O 75 R, DRI AT 5 T 2 5 bkl 2 3 067, H
S H B S SR ThRE M B R . 1ZCBTE TR T RE A T 1) m) 5 U i TR A IR 12 M 4% (Long Short-Term
Memory, LSTM) {8 G0 SEH S WG F, 48 T AFETUACE . RRAEFEL L 58 2 W O35 578 2 R 4
FIE R T AT SH 0T REFPGARSE, K T AU 58 1) 77 VR AR s SR A A A ) i, T TN 2R 7Y
Wi TR B OEREBWOE A, fESMICIS0 nm T2 F 5 T BB IFRIMPWIR A . JE 17 B4 REW, BEl
TSRS WIG A B2 W R N98.6%, IIFENT62 pW, HEIFIA3.06 mm x 2.45 mm, 2 A 5 R R0 R
WIS WI & K R SR ThFER 7 oK

XEIA: TEEs OF: BEEHL KEDIZME; KD

FESES: TN492;TP183 XHERARINED: A NEHE: 1009-5896(2024)02-0555-09
DOIL: 10.11999/JEIT230934

Intelligent Heart Sound Abnormal Diagnosis Chip Based on LSTM for
Wearable Applications

ZHOU Weixin®? GAO Zhaogang® XIAO Wan'ang®™®
®(Institute of Semiconductors, Chinese Academy of Sciences, Beijing 100083, China)
®(Sch00l of Integrated Circuits, University of Chinese Academy of Sciences, Beijing 100049, China)

®(China Agricultural University, Beijing 100083, China)

Abstract: The gravity of cardiovascular disease hazards necessitates the utmost importance of preventive
measures and early diagnosis for such ailments. Conventional manual auscultation techniques and computer-
based diagnostic methods prove inadequate in meeting the demands of auscultation. Consequently, wearable
devices attract increasing attention, but they are required to obtain both a high accuracy and low-power
consumption. An intelligent heart sound abnormal diagnostic chip based on LSTM for wearable applications is
presented. The abnormal heart sound diagnostic system is developed, including preprocessing, feature
extraction, and abnormal diagnosis. Furthermore, an FPGA-based system for heart sounds acquisition is
constructed. The challenge of imbalanced datasets is addressed through the implementation of data
augmentation techniques. By utilizing pre-trained model as a foundation, the intelligent heart sound abnormal
diagnostic chip is developed, and the layout and MPW are finished under SMIC 180nm. The post-simulation
results demonstrate that the chip achieves a diagnostic accuracy of 98.6%, a power consumption of 762 pW,
and an area of 3.06 mm x 2.45 mm, meeting the high-performance and low-power consumption prerequisites of
wearable devices.
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