®11% F8H 2 B8 it E M5 M A
Vol.11 No.8

2021 £8 A

Intelligent Computer and Applications Aug. 2021

X EHE . 2095-2163(2021)08-0056-05 hE 4% 5. R338.63; TP181 XikERER: A

BT 3 45 0 ALK BEOR MU R i 3

HER, B W
(HEPEAXE EEREEIREFE, Kb 410208)

O BRI NS R 2 AR 2k e AT TR A A (R R A DG H A PR RS SCER T T S ) e AL 7 B R 1 R
Gi., UARGH FIE YL AR WO A R A5 5 B S I Jd 5 Wi-Fi (907 S0 Bl A2 16 A EALAL, i e i AL de o~
SR O e B P B (R RZ A AR A A T 1B, I #5 IO 28 o APP i1 & B 175 .

SRR SCRFMEENL; BEIRNEI ; HLESAE>

Design of sleep monitoring system based on Support Vector Machine
ZHONG lJialiang, YI Gang
(School of Informatics, Hunan University of Chinese Medicine, Changsha 410208, China)

[ Abstract] Sleep problem has gradually become the focus of people’ s life and health in today’ s fast—paced society. Therefore,
this paper proposes a sleep monitoring system based on Support Vector Machine. The system mainly uses biosensors to monitor heart

rate and breathing signals in real time, and transmits data to the upper computer through Wi-Fi. The designed machine learning
algorithm is used to judge sleep apnea—hypopnea syndrome. In order to facilitate the user to track the condition, it is also designed a

terminal APP.
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Fig. 1 System Structure
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Tab. 1 Several Kernels of SVM
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Tab. 2 Comparison of SVM Using Different Kernels
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Tab. 3 Comparison of Several Models

Ji ik Accuracy/%  Precision/% Recall/%
LR 81.5 72.0 87.4

LDA 81.8 70.9 88.4

SVM 86.8 80.7 90.7

M2 3 FTLAAE ), SVM 57 7R AR 3 Tl i 3L )5 1Y)
ORAF S AT SAHS K HAT — &2 i Pl o, {H el
THARAE BRI, TC 2 W IR A5 5o in A 43 2 i
YEMFRIERIA o B, YA PR SEwT B )
NG0B 5 FIFIRAS 5-43 S 7 SVM B | f Je b
P PR BEAT X LG, RS 75 21 M A o I 1 e
1) SVM #5841 fy SAHS B FHFHA TV L2 Wi it 142
SLIEAFER N

4 LHERIE

PR R ) R B 4 A 2 AT T A ol o AL i it B
EREITSEUNE prl U RIR G e YN DR W(E]
H T R B Lol i o ) B E A 2 A Bk, AR 2 A ik
IR PRI 2B 2 AN BE SIS B2T . AR SCRI Ik
PR AR T2k 2 i S MR M DM AR 45 6, 412 1 A MR
N AR GERERS (A R 1 SRR P A 2 s A

I T, htt— SR AR S it TR B, %
FRGEHE D AU e TR B IR 5 o A AR R 36
B, Al B KRS~ S B IR s

(1] PNARTFE A i, 45, B 2 4 DA O I WA 8 45 138 U5 B 1IE
AEOGHE RS AT 58 38 S [ 77, v B2 25,2020, 15 (10) ; 1642 -
1645.

[2] Akhter Shahin, Abeyratne Udantha R, Swarnkar Vinayak, et al.
Snore Sound Analysis Can Detect the Presence of Obstructive Sleep
Apnea Specific to NREM or REM Sleep. [ J]. Journal of clinical
sleep medicine ; JCSM : official publication of the American
Academy of Sleep Medicine,2018,14(6).

(3] Vraatts. BTk 5 fl = u 0% 5 00 28 450 1) WP VR 3 42 £ ME AR D0 40F
FEID]. dbmt: JEnTlrH R ,2019.

(4] SErbFh. BT SRR my ALY BEAR /3 1S T S I SE B [ D]
BB . R, 2018.

[5] Shui, ettt} a2 4 FRRCHUE S MR s T AR [ T ]
PRy 1L 4545 ,2020,41(11) :95-99.

(6] sk, I 27 SRR AR AP W (25 e A T R SERT X[ D). KA
KAEMT R,2020.

(7] sRANE S, TIELL, A5, BHL 2 1 A S P 2 45 (R 08 R 4 i
TEBH EIRSHUR MR [J]. BAFRAE,2020,20(26) :30-31.

[8] SyH oM. e LA AU TP AR HBFSE [ D], dba: deae
HRHL K2, 2017.

(9] B FET 0o HL {5 5 o Ak HI I W52 8 452 5% 5 40 0l 330 V6 O F
[D]. KF.: #2018

[10] 4K, A, 220048, 4. 2EF LSTM-CNN (R - 45 45 5 41K
WA E SR I AL PR SE [T]. P AR B AR TR R,
2020,39(3) :303-310.

(42250 55 50)
&% 3k

(1] EHM, EIF. BT WREFE TN HEEARZ2EMRSET].
YRR 2019,9(11) :8-12,17.

[2] B, B . KRG S S IR R R @I 5 (1],
B %2 42 ,2015(4) . 71-73.

(3] SRAA, BROACTS , 4 SCRY, A5, T I 2 48 P14 BLIO0 45 14 7l IXC
BOGEEB[]. AR ,2019,46(S1) :385-391.

[4] ZHANG J, ZHENG Y, QI D. Deep Spatio—Temporal Residual
Networks for Citywide Crowd Flows Prediction [ J ]. The
Association for the Advance of Artificial Intelligence ( AAAIL),
2017:1655-1661.

[5] JUNG Minju, LEE Haanvid, TANI Jun. Adaptive detrending to
accelerate convolutional gated recurrent unit training for contextual
video recognition[ J|. Neural networks ; the official journal of the
International Neural Network Society 2018 356—-370.

[6] LIN Z, FENG J, LU Z, et al. DeepSTN +. Context — Aware
Spatial- Temporal Neural Network for Crowd Flow Prediction in
Metropolis[ C]//Proceedings of the AAAI Conference on Artificial
Intelligence, 2019:1020-1027.

[7] SUNJ, ZHANG J, LI Q, et al. Predicting Citywide Crowd Flows
in Irregular Regions Using Multi — View Graph Convolutional
Networks [ J |]. IEEE Transactions on Knowledge and Data

Engineering, 2020:1-1.

[8] H A X A B 7 [ EB/OL]. https://www. datafountain.
cn/competitions/428. 2020-02-22,/2020-05-30.

[ 9]2020-CCF-Crowd-FlowPrediction[ EB/OL ]| .https:// github.com/
agave233/2020- CCF - Crowd — Flow — Prediction, 2020 - 06 - 27/
2020-08-01.

[10] ZHOU Jie, CUI Ganqu, HU Shengding, et al. Graph neural
networks; A review of methods and applications[ J|. Al ,2020.57
-81

[ 11]JMACHADO M R, KARRAY S, DE SOUSA I T. LightGBM : an
Effective Decision Tree Gradient Boosting Method to Predict
Customer Loyalty in the Finance Industry [ J]. International
Conference on Computer Science & Education (ICCSE), 2019:
1111-1116 .

[12] CHEN T, CarlosGuestrin. XGBoost; A Scalable Tree Boosting
System[ C]//Proceedings of the 22" ACM SIGKDD International
Conference on Knowledge Discovery and Data Mining,2016.785-
794.

[13] ZHAO Zheng, CHEN Weihai, WU Xingming, et al. LSTM
network; a deep learning approach for short—term traffic forecast
[J]. IET Intelligent Transport Systems, 2017 .68-75.

[14]WULFF S S. Time series analysis: Fore casting and control, 5%
edition[ J . Journal of Quality Technology, 2017:418-419.



