F50E H1M S N NI i Vol.50 No.1
2021 £ 1 A Journal of University of Electronic Science and Technology of China Jan. 2021
B IIESNA .

PR IR E S R 4R AN SE AT E 44

u"—ﬂ]z—%—f—l*a 'fiﬁ%l’ {—]XX gzaaz

(1. TR RS ENR S 5 TR R 611731; 2. PR KR EIML TS W#E 611731)

=) A 2

[HBE] AANBRKRNEE BRI TN Ed THALLES, SIBALE IR E, EALEFZFREGT T RIXE T KBNS
. BXESGFREFIPH—EY RERFERENSG, RET—HEATITEREEL P QFEERIEHE BRI T EMHE
%, EFEEATREAFRLETHENG —AA TEYGE B EA 0 M EAER, BRI Tt A IE ST EM, @it
ERAANNTARESHBEE LG TREYN, AL TFOAYWATREFINARCETEERLEMEXR, ZFEAEEEN
FEAAEE, ST RSP AR A it EAEAE £ 0.7 ms BP T R ARAT—AN 2 s KER S, Xbhey i RXAE
GRS EMEEWRT K 2~3 MK ER, BLAEF EA AL G Ttk

X 8 iR EgER4e; FEFT; FERIFE AEELS; TFHREE

FESES  TP391 kiR ERE A doi:10.12178/1001-0548.2020268

Real-Time Compressed Sensing Reconstruction for Wearable
Physiological Signals
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Abstract The traditional iterative compressed sensing reconstruction algorithm is difficult to play a role in
actual wearable devices because of its high computational complexity and poor real-time data processing. In this
paper, a non-iterative compressed sensing real-time reconstruction algorithm suitable for wearable health
monitoring is proposed by combining one-dimensional dilated convolution and residual network in deep learning.
The proposed method trains a network model for compressed sensing reconstruction based on a large number of
physiological signal data, and the trained neural network model can accurately reconstruct physiological signals at a
very fast speed. Experiments on 2 open physiological signal data sets show that the proposed method has higher
reconstruction accuracy than the existing reconstruction algorithms based on deep learning. The proposed method
can reconstruct a 2 s signal frame in only about 0.7 ms on the computer used in this paper. This is about 2~ 3
orders of magnitude faster than the traditional iterative compressed sensing reconstruction algorithm. Therefore, the
method proposed in this paper has excellent real-time performance.
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