Measuring Sleep Quality from EEG with Machine
Learning Approaches
Li-Li Wang, Wei-Long Zheng, Hai-Wei Ma, and Bao-Liang Lu∗
Center for Brain-like Computing and Machine Intelligence
Department of Computer Science and Engineering
Key Laboratory of Shanghai Education Commission for Intelligent Interaction and Cognitive Engineering
Brain Science and Technology Research Center
Shanghai Jiao Tong University, Shanghai, 200240, China

Abstract—This study aims at measuring last-night sleep quality
from electroencephalography (EEG). We design a sleep experiment to collect waking EEG signals from eight subjects
under three different sleep conditions: 8 hours sleep, 6 hours
sleep, and 4 hours sleep. We utilize three machine learning
approaches, k-Nearest Neighbor (kNN), support vector machine
(SVM), and discriminative graph regularized extreme learning
machine (GELM), to classify extracted EEG features of power
spectral density (PSD). The accuracies of these three classiﬁers without feature selection are 36.68%, 48.28%, 62.16%,
respectively. By using minimal-redundancy-maximal-relevance
(MRMR) algorithm and the brain topography, the classiﬁcation
accuracy of GELM with 9 features is improved largely and
increased to 83.57% in average. To investigate critical frequency
bands for measuring sleep quality, we examine the features of
each band and observe their energy changing. The experimental
results indicate that Gamma band is more relevant to measuring
sleep quality.

I. I NTRODUCTION
Sleep is of great importance to humans. Enough sleep is not
only the basis of health and energy, but also the guarantee of
productivity. An objective and reliable measurement of sleep
quality is one of the most valuable research topics in the ﬁeld
of transportation, medicine, health care, neuroscience, and
food industry. The sleep quality is especially important to the
railway driver because it affects drivers’ attention, judgment
and execution. Nowadays, pressures and sleep disorders are
prevalent among the drivers, which becomes a potential threat
to safe driving. In order to measure the sleep quality of
drivers in advance and get rid of “risky” drivers, the railway
company is seeking an objective and reliable measurement of
sleep quality. With quick development of wearable EEG signal
acquiring devices, EEG-based sleep quality measurement is
considered as a feasible choice. The current sleep quality
measuring approaches could be divided into two categories:
subjective sleep quality measurement and objective sleep quality measurement [1].
The subjective sleep quality measuring method is to judge
the sleep quality by self-evaluation via sleep diaries, questionnaires, interviews, and indexes. The popular subjective sleep
quality measuring methods include Pittsburgh Sleep Quality
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Index [2], Epworth Sleep Scale [3], and Sleep Diaries [4].
However, we have no way of knowing whether the respondents
are honest, conscientious, responsible for self assessment and
related records and in many cases they may provide false
information or ﬁll in the questionnaire not seriously. Secondly,
the subjective evaluation method is more troublesome, timeconsuming and laborious, which requires participants to seriously think about, a detailed answer, record relevant information in time, in the meantime, experiment personnel also
need a manual investigation and analysis of the information
in order to give a sleep quality evaluation and judgment of
the subject. Finally, the subjective evaluation method requires
subjects have a certain cultural level, enough introspection and
self-discipline. Many participants may not clearly understand
the subjective evaluation method on the provided requirements
and problems or they can’t do accurate understanding and
judgment on their own, thus failing to actively provide accurate
and reliable information. Hence, as described above, subjective
sleep quality measurements do not meet our needs.
The objective sleep quality measuring method is to judge
the sleep quality based on physiological signals. The conventional objective sleep quality measuring approaches include
polysomnography [5] and actigraphy. For this kind of method,
subjects need to wear equipment like a band during the sleep.
The limitation of this method is that users should wear the
equipment for a long time, so this approach can not meet the
requirements of us to quickly check the quality of sleeping
of high-speed rail drivers. Therefore, we hope to develop a
fast and easy method. Since recent research shows that EEG
signals can reﬂect the fatigue state accurately [6][7] , we focus
on EEG-based sleep quality measuring in this paper.
So far no common acknowledgements about the precise
deﬁnition of the sleep quality have been acquired by the
researchers over the world, because it is a rather vague and
subjective notion in itself. Besides, for different individuals,
there are different standards, since sleep quality is both correlated to the objective factors such as the total sleep time, sleep
onset latency, sleep disruptive events, and sleep efﬁciency [1],
and to the subjective factors including the mood, stress and
anxiety. Moreover, different people may set different standards
for the sleep quality. Even if the sleep time is long enough and
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the sleep environment is satisfactorily quiet and comfortable,
some people could still feel dissatisﬁed with their sleep quality,
while others may ﬁnd themselves full of energy even if their
sleep time is not thought to be long enough. Some people
may evaluate their sleep quality based on the current waking
state, whereas other may do it according to their sleep process.
How people evaluate their sleep quality may be also affected
by their mood and the surroundings.
The length of sleep is directly related to the sleep quality
for the majority of the normal people. In most cases, lack
of adequate sleep time leads to poorer sleep quality, while
sufﬁcient sleep time may ensure a good sleep. Therefore, in
this study, we take the total sleep time as the substitute to
measure the sleep quality. Based on the researches and surveys
conducted by the experts in National Sleep Foundation (NSF),
generally speaking, 8-hour sleep presents a high sleep quality,
particularly for young adults. That means whether the sleep
time is more or less than 8 hours results in the reduction of
the sleep quality. And the sleep time no more than 4 hours
or no less than 12 hours means an awful sleep in terms of its
quality [8]. Based on the ﬁndings of NSF, we hypothesize in
this study that a sleep of about 8 hours means a favorable sleep
quality; a sleep of 6 hours corresponds to the a normal sleep
quality; a sleep of 4 hours represents a poor sleep quality.
To investigate the underlying mechanisms of sleep quality,
sleep deprivation experiment is the common method. Sleep
deprivation means not having enough sleep. It can be chronic
sleep deprivation or acute sleep deprivation. It can also be total
sleep deprivation and partial sleep deprivation. Here, we adopt
the acute partial sleep deprivation experiment.
II. R ELATED WORK
Li et al. [9] tried to study the inﬂuence of lack of sleep on
the event-related potentials of the event under the stimulation.
In both cases of sufﬁcient sleeping and lack of sleep, audio
stimulation was given to subjects, and then the parallel factor
analysis method was used to analyze the event-related potentials of the subjects in both cases. They found that compared
with the sufﬁcient sleeping, event-related potentials activities
of the subjects are near to the forehead, and Gamma frequency
band had delay and attenuation in the case of lack of sleep.
Jin et al. [10] observed the inﬂuence of lack of sleep on
the connection between the brain regions. After the functional
cluster analysis was conducted on the electroencephalogram
(EEG) in both cases of sufﬁcient sleeping and lack of sleep
by the subjects, they found the functional cluster of subjects
was changed in the case of lack of sleep.
Na et al. [11] attempt to investigate the inﬂuence of lack of
sleep on the connection between cerebral hemisphere. After
the mutual information analysis was conducted on EEG in
both cases of sufﬁcient sleeping and lack of sleep, they found
the connection between the hemispheres was weakened in the
case of lack of sleep.
Sánchez et al. [12] discussed whether the inﬂuence of lack
of sleep of the same period on EEG of women was the same
as the inﬂuence on EEG of men, and they found that compared
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with men, the inﬂuence of lack of sleep of the same period
on women was more peaceful, but women needed more sleep
to recover from lack of sleep.
Tassi et al. [13] tried to observe the inﬂuence of lack of
sleep on EEG, and they found that compared with the case
of sufﬁcient sleeping, Theta wave of subjects in the EEG
increased in the case of lack of sleep.
Lorenzo et al. [14] investigated the inﬂuence of lack of
sleep on the EEG of men, and they found that compared
with sufﬁcient sleeping, Theta wave of EEG of male subjects
increased, the Alpha wave decreased, and the Beta wave in
the central brain regions increased.
Jeong et al. [15] studied the inﬂuence of lack of sleep on the
dimension complexity of EEG, and they found that compared
with sufﬁcient sleeping, the dimension complexity of EEG of
the subjects was reduced in the case of lack of sleep. They
speculated that the information processing function of brain
decreases under the condition of lack of sleep.
As described above, the existing work analyzed the differences and changes in some aspects of the treated EEG mainly
based on the two different sleep qualities: sufﬁcient sleep and
lack of sleep. However, there is no research on the feasibility of
sleep quality classiﬁcation with machine learning approaches.
On the contrary, we analyze the differences of EEG based on
three kinds of sleep qualities: good sleep, normal sleep and
poor sleep in this paper, and study sleep quality measuring
method using machine learning approaches.
III. M ETHODS
A. Frequency Bands and Sleep Cycle
EEG signals can be divided into ﬁve different frequency
bands: Delta, Theta, Alpha, Beta and Gamma band.
(1) Delta band (frequency 1-4Hz): When adults are in deep
sleep, the delta wave will appear.
(2) Theta band (frequency 4-8Hz): When adults are sleepy
and drowsy, the theta wave will appear. The slow wave
including the delta wave and the theta wave is associated with
the inhibited state of brain.
(3) Alpha band (frequency 8-13Hz): When adults are awake
and calm or close their eyes, the alpha wave will appear. It is
associated with the calm state of brain.
(4) Beta band (frequency 13-30Hz): When adults are focused, nervous, alert, or anxious, the beta wave will appear. It
is associated with the excited state of brain.
(5) Gamma band (frequency 30-50Hz): When adults are
executing complicated tasks which need parallel processing,
the gamma wave will appear. It is supposed to be linked with
the cognitive function [16].
Sleep is a naturally recurring state of mind. Its characteristics are lowered reaction to external stimuli and temporary
consciousness loss. Sleep is controlled by the internal circadian
clock. There is a sleep cycle in humans’ sleep, which lasts
about ninety minutes. Most people will experience four to
six sleep cycles in one night’s sleep. The sleep cycle can be
divided into rapid eye movement (REM) stage and non-rapid
eye movement (NREM) stage. The non-rapid eye movement
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stage can be further divided into three stages: N1, N2, and N3
[17].
(1) NREM stage 1: This stage consists of 5% to 10% of the
total sleep time. In this stage, humans are in the transition
between awake and asleep. The EEG changes from alpha
wave (8-13Hz) into theta wave (4-7Hz). This stage may be
associated with sudden twitches and hypnic jerks.
(2) NREM stage 2: This stage consists of 45% to 55% of
the total sleep time. In this stage, humans are already asleep.
The theta wave is prevalent in the EEG and sleep spindles as
well as K-complexes can be observed.
(3) NREM stage 3: This stage consists of 15% to 25% of
the total sleep time. In this stage, humans are in deep sleep.
The delta wave is prevalent in the EEG. It is the most restful
stage of the sleep. Parasomnias such as night terrors and sleep
walking might occur.
(4) REM stage: This stage consists of 20% to 25% of the
total sleep time. The physiological signals such as EEG are
quite similar to that of a waking state. However, sleeper in
this stage is harder to be aroused than at any other stage.
The sleeper will experience vivid dreams, which helps to
synthesize memory segments. This stage is associated with
the study ability.
B. Preprocessing
First of all, the raw EEG are preprocessed in the following
manner:
1) Down-sampling: The original sampling frequency of
EEG is 1000Hz, and the amount of data is too big to deal
with. Therefore, down-sampling is adopted, and the original
EEG frequency is reduced to 200Hz, which facilitates the
subsequent processing.
2) Dealing with the bad EEG electrodes: During the experiments, there exist several bad electrodes occasionally, and
the corresponding EEG signals cannot be collected correctly.
However, if the data of bad electrodes are simply removed,
the follow-up data processing will be inconsistent. Therefore,
a neighbor interpolation method is adopted to process failure
EEG electrodes, replacing the error noise signal of bad EEG
electrodes with the average of the neighbor EEG electrodes.
3) Removing EEG artifact: In this work, a 1-50 Hz bandpass ﬁlter [18] is adopted to ﬁlter out noise. In the experimental design of this study, subjects are required to sit quietly with
eyes closed during the whole course to avoid the appearance
of EOG and EMG to a large extent.
C. Feature extraction
After the preprocessing of EEG signals, the features of EEG
are extracted. The most commonly used feature is PSD, which
essentially reﬂects the energy change of EEG. Taking the ﬁve
different frequency bands of EEG into account, the effect of
sleep quality on EEG may be mainly reﬂected in one or several
frequency bands. After the short-time Fourier transform, PSD,
the commonly used EEG feature in ﬁve frequency bands was
extracted. Because the total number of EEG electrodes is 62,

there are 310 PSD features in all, which are concatenated
together to form a 310-dimensional feature vector.
In this paper, Hanning window-based discrete short-time
Fourier transform (STFT) algorithm is adopted to extract the
PSD, a time-frequency feature of EEG. The PSD feature
represents the signal power within the unit frequency band.
Suppose the EEG sequence recorded by an electrode is
x[n]={ x1 ,x2 ,...xn }, then the short-time Fourier transform of
the EEG sequence is:
ST F T {x[n]}(m, ωk ) ≡ X (m, ωk ) =

N


x[n]w[n−m]e−jωk n

n=1
2πk
N

where ωk =
represents the angular frequency, and k =
0, 1, ...N −1. w[n] represents a window function. The window
function used in this study is Hanning window as follows:


 
2πn
0.5 1 − cos M
1≤n<M
−1
w(n) =
0
o.w.
When the EEG is divided into different EEG frequency
bands (Delta: 1∼3Hz; Theta: 4∼7Hz; Alpha: 8∼13Hz; Beta:
14∼30Hz; Gamma: 31∼50Hz), the Fourier transform of each
band is calculated, and then the energy spectrum of each band
is calculated by:
E (ωk ) = X (m, ωk ) X ∗ (m, ωk )
where, X ∗ (m, ωk ) is a conjugate function of X (m, ωk ).
Then, PSD is deﬁned as:
1
P SD(wk ) = E(wk ), k = 0, 1...N − 1
N
D. Feature smoothing
The extracted PSD features have a more severe jitter.
Although the effect of sleep quality on EEG is intuitively
regarded to be stable and continuous, it is necessary to smooth
the EEG features with severe jitter.
Previous researches have found that, the feature smoothing
methods, such as moving average (MA) and linear dynamical
system (LDS) [19], help to improve the performance of
classiﬁers during emotion classiﬁcation, and the LDS method
performs more stable than the MA method [20][21] . Therefore, we apply the LDS method to smooth EEG features,
making attempt to remove noises effectively and get more
reliable data.
E. Classiﬁcation
After obtaining the processed features of EEG, the next step
is to analyze the inﬂuence of sleep quality on the features. Our
strategy is to study whether we can train a classiﬁer which
can accurately distinguish different sleep qualities with EEG
features. We utilize three approaches of machine learning:
k-Nearest Neighbor (kNN), support vector machine (SVM),
discriminative graph regularized extreme learning machine
(GELM) [22]. The parameter k in kNN is set to be 1, the kernel
function of SVM is linear kernel. For each subject, we choose
900 samples (300 for good sleep quality, 300 for medium sleep
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quality, 300 for poor sleep quality) as the testing data, the 6300
samples from the other 7 subjects as the training data, where
the number of features of PSD are 310 dimensional, containing
all the combinations of 62 different electrodes and 5 frequency
bands.
F. Feature selection
There are actually 310 features for one sample on total
ﬁve bands. However, our training set only has 6300 samples
for training, which implies that the 310 dimensions are too
high for us. Therefore, we evaluate and compare ﬁve feature selection methods: Joint Mutual Information (JMI) [23],
Conditional Infomax Feature Extraction (CIFE) [24], Mutual
Information Features Selecting (MIFS) [25], Mutual Information Maximisation (MIM) [26], and Minimal-redundancy
Maximal-relevance (MRMR) [27]. They are used to select
effective features, reduce the feature dimension, and enhance
the recognition accuracy.
IV. E XPERIMENTS
A. Purpose

There was no stimuli, no task and no interruption during the
experiment. Fig. 1 shows the actual scene of the experiment.
V. R ESULTS AND DISCUSSIONS

The purpose of our experiment is to collect waking EEG
under different conditions of sleep quality and then analyze
the data to ﬁnd the inﬂuences that sleep quality leaves on the
EEG. The differences among EEG under different conditions
can be used to train models to realize the EEG-based sleep
quality measurement. The experiment consists of two parts:
sleep deprivation experiment and EEG collection experiment.
The subjects are required to take part in both experiments three
times.
B. Subjects
Eight subjects, six of which are male and two are female,
participate in the experiment. They are all at the age of 21 to
23. They had a regular sleep and stayed in good health before
the experiment. None of them have any history of mental
disease or drug use. Besides, they didn’t have any contact
with hypnotic, caffeine or alcohol at the previous week before
they come to the experiment. Anything that contains what will
affect sleep was prohibited.
C. Sleep deprivation experiment
In the sleep deprivation experiment, subjects were required
to sleep at home at night for four, six, and eight hours,
respectively, and then they participated in the EEG collection
experiment in the following days.
D. EEG collection experiment
The EEG collection experiment took thirty minutes. During the whole process of EEG collection, the subjects were
required to keep their eyes closed and stay awake. While
subjects were also required to sit still on the chair, EEG signals
were recorded with ESI NeuroScan System at a sampling rate
of 1000 Hz from 62-channel electrode cap according to the
international 10-20 system, simultaneously. The experimenter
watched the EEG and subjects from outside the laboratory.
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Fig. 1. The actual scene of our experiment.

A. Classiﬁcation
We chose 900 samples of one subject as testing data, and
6300 samples from the other 7 subjects as training data. The
accuracies of three classiﬁers with 310 dimensions of PSD
features are shown in Table I .
From the results in Table I, we can see that, for total 310
features on all bands, the classiﬁcation accuracy of GELM is
62.16% in average, which is much higher than those of kNN
and SVM. We also compare the average accuracies of each
frequency bands. Table II represents the experimental results.
From Table II, we ﬁnd that all the results of GELMs are higher
than those of SVMs and kNN.
One of the primary problems is whether there exist some key
frequency bands for the EEG-based sleep quality evaluation.
These frequency bands contain key discriminative information
for different sleep quality. The variance of sleep quality has a
signiﬁcant inﬂuence on these frequency bands. In terms of this,
we are able to obtain a higher classiﬁcation accuracy with the
EEG features from these key frequency bands. We extracted
62-dimension PSD features from EEG on Delta, Theta, Alpha,
Beta and Gamma frequency bands, and compared them with
the 310-dimension features of total frequency band. The results
of the classiﬁcation are shown in Table II.
The average recognition accuracy of Gamma frequency
band is higher than all other frequency bands, which shows
that the Gamma frequency band is associated with the quality
of sleep much more closely. In contrast, the Theta and Delta
frequency band perform poorly. The average recognition accuracy of the Gamma frequency band reaches 66.70%, which
is higher than the accuracy of all the other frequency bands.
These results indicate that there exist critical frequency bands
for the EEG-based sleep quality evaluation, and the features
of these key frequency bands can effectively improve the
classiﬁcation performance.
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CLASSIFICATION ACCURACIES (%) OF

KNN ,SVM

AND

TABLE I
GELM CLASSIFIERS USING 310

TOTAL FEATURES TO TRAIN AND TEST

Algorithms

Subject1

Subject2

Subject3

Subject4

Subject5

Subject6

Subject7

Subject8

Average(±sd)

kNN
SVM
GELM

37.00
44.22
44.56

43.00
61.56
61.11

34.67
50.89
56.44

65.11
81.44
89.44

39.56
42.11
54.33

4.11
35.22
83.00

16.78
33.00
47.67

53.22
37.78
60.78

36.68±19.24
48.28±16.26
62.16±16.01

TABLE II
CLASSIFICATION ACCURACIES (%) OF DIFFERENT FREQUENCY BANDS USING

AND

GELM

Algorithm

Subject1

Subject2

Subject3

Subject4

Subject5

Subject6

Subject7

Subject8

Average(±sd)

Delta

SVM
GELM

36.00
51.89

33.00
44.78

33.33
67.78

48.56
71.11

49.56
62.56

61.78
61.67

65.00
58.44

38.22
63.11

45.68±12.64
60.17±8.48

Theta

SVM
GELM

28.22
53.56

47.44
18.00

33.33
38.44

64.56
42.44

32.89
52.11

54.44
50.33

37.78
59.11

25.22
56.67

40.49±13.74
46.33±13.37

Alpha

SVM
GELM

39.33
72.22

62.33
64.89

57.67
55.89

51.89
50.89

66.67
68.00

45.00
73.44

37.67
44.44

38.11
49.89

49.83±11.49
59.96±11.10

Beta

SVM
GELM

64.56
62.67

66.33
66.67

38.67
47.56

64.44
66.22

64.22
61.33

44.56
70.56

33.67
55.11

46.56
69.89

52.88±13.42
62.50±7.84

Gamma

SVM
GELM

62.00
65.11

63.78
62.22

33.33
55.67

66.67
66.67

66.11
72.78

69.11
100.00

33.33
39.89

58.00
71.22

56.54 ±14.70
66.70±17.02

Total

SVM
GELM

44.22
44.56

61.56
61.11

50.89
56.44

81.44
89.44

42.11
54.33

35.22
83.00

33.00
47.67

37.78
60.78

48.28±16.26
62.16±16.01

We further present the percentage of frequency band energy
accounting for the total power of all frequency bands. The
experimental the results are shown in Table III. The absolute
power of Alpha frequency band and the proportion of Alpha
frequency band accounting for the total power of all frequency
bands are higher than those of the other frequency bands, it
is because we recorded EEG data under the conditions that
participants closed their eyes, sit quietly and stayed awake
without any external stimuli and interference. When people
keep themselves aware, quiet or eyes-closed, Alpha wave
will be dominant, and its amplitude appears from small to
large. It is generally believed that Alpha wave is the main
performance of the electrical activity when the cerebral cortex
is in awake and quite states. Moreover, with the increase of
sleep quality, the energy change of Gamma frequency band
tends to be the most obvious changing, and the percentage of
Gamma frequency band accounting for the total power of all
frequency bands is increasing. These results indicate that the
Gamma frequency band contains the most relevant information
for sleep quality evaluation among different frequency bands,
which is consistent with the previous experimental results of
classiﬁcation accuracies.
B. Feature selection
The number of dimensions of PSD features is 310 from the
total ﬁve frequency bands, which may contain some redundant
information, since there exist some critical frequency bands
for EEG-based sleep quality evaluation. Therefore, we adopt
different feature selection methods to extract the optimal
subset of features. Fig. 2 depicts the performance of ﬁve
different feature selection methods to select 10 and 20 features.

70
10 features
20 features
60

50

Accuracy%

Frequency Band

SVM

40

30

20

10

0

Mrmr

Jmi
Cife
Mifs
Feature selection algorithms

Mim

Fig. 2. Performance comparison of ﬁve different feature selection algorithms.

TABLE III
E NERGY CHANGE (%)

OF EACH FREQUENCY BAND ACCOUNTING FOR THE
TOTAL ENERGY OF ALL FREQUENCY BANDS UNDER THE DIFFERENT SLEEP
QUALITY

Sleep Hours

Delta

Theta

Alpha

Beta

Gamma

4
6
8

14.6
10.8
10.6

20.6
18.8
19.1

40.1
39.1
35.2

18.3
21.7
22.9

6.4
9.6
12.3

From the results, we can ﬁnd that the minimal-redundancymaximal-relevance (MRMR) algorithm achieves the highest
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TABLE IV
CLASSIFICATION ACCURACIES (%) OF DIFFERENT FEATURES SELECTED BY

MRMR

AND USING

KNN, SVM

AND

GELM

Feature dimension

Algorithm

Subject1

Subject2

Subject3

Subject4

Subject5

Subject6

Subject7

Subject8

Average(±sd)

6

kNN
SVM
GELM

66.11
67.56
87.89

46.22
68.44
62.22

44.56
64.44
64.78

31.56
68.67
67.89

77.22
92.56
72.00

49.00
91.11
97.78

45.65
54.22
58.67

48.78
57.00
60.11

51.13±14.11
70.50±14.20
71.41±14.13

8

kNN
SVM
GELM

60.22
63.89
94.11

48.44
71.22
75.33

68.67
90.11
74.89

33.56
73.56
53.56

96.89
70.11
87.22

55.89
91.22
85.78

53.78
62.22
58.89

65.22
58.22
59.11

60.33±18.32
72.57±12.26
73.61±15.06

10

kNN
SVM
GELM

42.22
40.00
50.33

68.67
69.44
71.22

67.67
91.78
88.44

41.33
76.89
68.89

85.56
73.78
97.56

60.56
82.78
92.44

50.11
61.00
56.67

63.89
61.33
58.56

60.00±14.95
69.63±15.83
73.01±17.84

12

kNN
SVM
GELM

49.78
52.00
60.44

67.67
72.88
70.89

67.56
91.56
96.89

35.11
74.78
68.89

71.78
73.00
80.56

83.11
97.00
98.22

51.11
67.11
60.67

69.22
66.00
70.78

61.92±15.34
74.29±14.31
75.91±14.79

14

kNN
SVM
GELM

51.44
43.11
52.11

69.67
72.00
69.67

75.22
65.11
85.78

28.33
76.11
68.67

53.22
64.44
61.11

67.89
99.67
100.00

37.44
49.44
49.78

71.56
61.22
65.44

56.85±17.21
66.39±17.29
69.07±16.79

16

kNN
SVM
GELM

43.33
44.22
53.22

81.89
68.44
77.00

75.33
66.44
79.44

29.44
78.33
76.11

53.78
61.67
56.67

69.56
95.22
95.11

42.11
49.78
51.00

72.67
59.89
60.67

58.51±18.97
65.50±16.05
68.65±15.58

18

kNN
SVM
GELM

43.00
45.56
51.00

79.00
61.78
64.89

67.22
60.22
84.56

26.11
77.56
68.00

55.00
57.33
55.67

61.00
95.11
97.33

39.33
51.33
47.44

67.11
55.11
53.44

54.72±17.45
63.00±15.98
65.29±17.57

20

kNN
SVM
GELM

43.33
46.44
51.33

71.33
57.67
66.22

60.44
66.33
81.44

31.78
80.78
69.11

63.89
58.89
62.44

57.33
82.44
78.33

36.44
49.22
49.67

66.22
48.78
86.56

53.84±14.71
61.32±14.11
68.14±13.53

CLASSIFICATION ACCURACIES (%) OF

TABLE V
9 FEATURES SELECTED BY MRMR AND BRAIN TOPOGRAPHY AND CLASSIFIED BY SVM

AND

Algorithm

Subject1

Subject2

Subject3

Subject4

Subject5

Subject6

Subject7

Subject8

Average(±sd)

SVM
GELM

63.44
67.56

96.89
88.67

71.56
65.00

89.44
91.89

84.78
98.00

97.78
95.33

63.33
67.89

78.11
94.22

80.67±13.82
83.57±14.15

Beta

GELM

Gamma

100
GELM
SVM
kNN

90
80

Accuracy(%)

70
60
50
40

Fig. 4. The change of average energy distribution in Beta and Gamma bands.
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Fig. 3. The accuracies of KNN, SVM and GELM with different features
selected by MRMR algorithm.
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accuracy. These results indicate that MRMR can achieve the
best performance among those ﬁve methods for EEG-based
sleep quality evaluation.
We further investigate how the performance varies with the
numbers of feature dimensions from 6 to 20 using MRMR
algorithm. The experimental results are depicted in Fig. 3.
The details are shown in Table IV. From Fig. 3 and Table
IV, we can see that GELM is more suitable for sleep quality

2016 International Joint Conference on Neural Networks (IJCNN)

complex types of experiments with tasks; 2) to investigate
whether there is a gender difference on the inﬂuence of sleep
quality on EEG; 3) to examine whether there exists stable EEG
patterns over time for sleep quality measuring.
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