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Abstract

Sleep staging is the key to assess human sleep quality and diagnose related diseases. There have
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been many results in the study of sleep state recognition. In this paper, EEG signals are used as a
tool for sleep staging. Based on the research of support vector machine classification applied to
sleep stages classification models, the K nearest boundary neighbor support vector pre-selection
method is used to construct support vector candidate set in order to reduce the time to establish a
model, build a sleep stage prediction model based on KNBN-SVM. Experimental results show that
the prediction accuracy of the sleep staging prediction is ideal, and the time-consuming is greatly
shortened. The KNBN-SVM effectively improves the sleep staging prediction based on the standard
SVM, and has practical value.
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Figure 1. Diagram of KNBN support vector preselection
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Figure 2. Diagram of sleep stages classification
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Figure 3. Time sequence of sleep EEG signals for each sleep stage
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Figure 4. Flow chart of sleep staging pre-
diction model based on KNBN-SVM
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KNBN-SVM 2000 1205 1600 380 75.31%
5. &5iE

AN S ) B ML 4328 B AR 43 A IO ASE AL R F 9, A5 G ERLAS 5 B 3 B D B ARODR 25 TR 31 )
TH, M TFRE SVM IENR 2 A T AR L AL T KNBN-SVM [ EAR 2 A AR A, JEik 47 k.
SO RW, FEFARAER) SVM. (1 BRI 43 H F00 A5 0 F000) 4 o e AR JEF KINBN-SVM. Y BEHIR 73 19 F3000
BERYAABN T ARAERT SVM HERf B A Birdie s, 17 Hdk K FE 450 7 IIZRET (], Rk, KNBN-SVM 5
38 F BRI 2 A R AT, 6T TR R T R SR I A A — E N A ANME

SE3Hk

[1] 5k, R4, B, Wia-r. 3T 4 4% BRI 2 AL B B0EmF 72 [0]. HHENLTE, 2010, 27(8): 141-144.

[2] ZEmeld. BiHE(S5 MIRENR 2 J 7 B R D] (22008 30, edl: HE RO, 2019.

3] 24, RS, 28k, B4, LTSS Hilbert-Huang 284 (BRI 4> WIRF 4[], MREZSE2 T, 2007,
20(6): 458-463.

[4] XNE, by, TR, EEd. JETH005 00 06 s R o SRR ERR IS 2280, BuRRES A, 2010, 25(4):
484-489.

[5] Liang, S.F., Kuo, C.E., Hu, Y.H., et al. (2012) Automatic Stage Scoring of Single-Charnel Sleep EEG by Using Mul-
tiscale Entropy and Autoregressive Models. IEEE Transactions on Instrumentation and Measurement, 61, 1649-1657.
https://doi.org/10.1109/TIM.2012.2187242

(6] RS, Zemigr, skE, AR, S, sReE, TR, T F 8000 S m YU IEIR 2 BT T[], £
B TR E, 2013, 30(6): 1176-1179.

[7] Mohammed, D., Li, Y. and Wen, P. (2016) EEG Sleep Stages Classification Based on Time Domain Features and
Structural Graph Similarity. IEEE Transactions on Neural Systems and Rehabilitation Engineering, 24, 1159-1168.
https://doi.org/10.1109/TNSRE.2016.2552539

[8] KkmeT2. FEF M s A EAR B h 2 BIAERAE T [D]: [l 244718 30]. FE AL B K2, 2016.
[91 ZEIR, WHIRTE. P ETUERE K B FHE 40T, HEE S RG24k, 2013, 18(2): 91-96.

DOI: 10.12677/aam.2020.911226 1968 IR Esid


https://doi.org/10.12677/aam.2020.911226
https://doi.org/10.1109/TIM.2012.2187242
https://doi.org/10.1109/TNSRE.2016.2552539

VR %

[10] Cortes, C. and Vapinik, V.N. (1995) Support-Vector Network. Machine Learning, 20, 273-297.
https://doi.org/10.1007/BF00994018

[11] il GiitA 2 TnAM]. dent: B RS RRAE, 2012: 55-E %, 95-135.

[12]  JLVE. SCRFFENLZ 20 KRR 5L 5 R [D]: (22001830, Jo8s: TLF K2, 2019.

[13]  whpE, ARVE, SEE. 5T B R RO HR SR R PRI R (). N HCEEERE, 2020, 9(2): 195-203.

[14] Vernon, M.K., Dugar, A., Revicki, D., ef al. (2009) Measurement of Non-Restorative Sleep in Insomnia: A Review of

the Literature. Sleep Medicine Reviews, 14, 205-212. https://doi.org/10.1016/j.smrv.2009.10.002

[15] ZRW. 2T EEG {551 - S Hr (KR B BENGS RE I ML LR E[D]: (W22 00830, a2 BRIGRHECR Y,
2018.

DOI: 10.12677/aam.2020.911226 1969 IR Esid


https://doi.org/10.12677/aam.2020.911226
https://doi.org/10.1007/BF00994018
https://doi.org/10.1016/j.smrv.2009.10.002

	改进支持向量机在睡眠分期预测模型中的应用
	摘  要
	关键词
	Application of Improved Support Vector Machine in Predicting Sleep Stages Classification
	Abstract
	Keywords
	1. 引言
	2. 支持向量机和K边界近邻法支持向量预选取算法
	2.1. 支持向量机简介
	2.2. K边界近邻法支持向量预选取算法

	3. 睡眠分期预测模型
	3.1. 睡眠分期基础理论
	3.2. 基于标准SVM的睡眠分期预测模型
	3.3. 基于KNBN-SVM的睡眠分期预测模型

	4. 睡眠分期预测模型数值实验
	5. 结语
	参考文献

