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Abstract—
Sleep arousals are sudden awakenings from sleep
which can be identified as an abrupt shift in EEG
frequency and can be manually scored from various
physiological signals by sleep experts. Frequent sleep
arousals can degrade sleep quality, result in sleep
fragmentation and lead to daytime sleepiness. Visual
inspection of arousal events from PSG recordings
is time consuming and cumbersome, and manual
scoring results can vary widely among different
expert scorers. This paper reports the design and
performance evaluation of an effective and efficient
method to automatically detect sleep arousals using
a single channel EEG. A detection model, based on a
Curious Extreme Learning Machine (C-ELM), using
a set of 22 features is proposed. The performance
was evaluated using the Area Under the Receiver
Operating Characteristic (ROC) Curve (AUC) and
the Accuracy (ACC). The proposed C-ELM based
model achieved an average AUC and ACC of 0.85
and 0.79 respectively. The best AUC from among
the 50 datasets used was 0.88. In comparison, the
average AUC and ACC of a Support Vector Machine
(SVM) based model were 0.69 and 0.67 respectively,
and the best AUC from among the same 50 datasets
used was 0.88. This indicates that the proposed CELM based model works well for the sleep arousal
detection problem.
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I. I NTRODUCTION
Sleep problems are a frequent complaint among many
people, especially the elderly, and have a substantial impact
on the quality of their lives. Sleep arousal conventionally
refers to a temporary intrusion of wakefulness into sleep
or at least a sudden transient elevation of the vigilance
level due to arousal stimuli or spontaneous vigilance level
oscillations [1]. Sleep arousals can be induced by various
sleep disorders. Thus, arousals are a good marker of sleep
disruption representing a detrimental and harmful feature for
sleep [1].
So far, sleep EEG arousals are mostly diagnosed by sleep
experts with specific domain knowledge and the patient is
required to take an overnight sleep test in the hospital or a

sleep lab [2]. There are several disadvantages for this kind
of traditional sleep test. Firstly, it is very time consuming
and cumbersome for a sleep expert to manually score
sleep arousals because the expert needs to visually inspect
the different channels of a PSG recording including EEG,
EMG, EOG etc. Secondly, visual inspection is a relatively
subjective way to diagnose sleep arousals. There can be large
differences between individual sleep experts. Thirdly, it has
been suggested that arousals of short durations (less than 3
seconds) may also be significant [2]. However, identification
and agreement on events of such short durations are difficult
to achieve, if scored manually. Lastly, from a patient’s
perspective, the cost for a PSG test is high, ranging from
$700 to $6000.
Due to the above mentioned disadvantages, a lot of research interests have been shown on fast, accurate computeraided automatic arousal detection approaches and portable,
less obtrusive detection devices [3]. However, a number of
issues still need to be solved. Most of the previous studies
utilized various physiological information collected from a
number of channels of PSG tests. A large number of channels of information collected means more inconvenience for
patients since more electrodes need to be placed on them. In
order to manufacture portable, less obtrusive devices, the use
of fewer electrodes is desirable. However, fewer channels of
information lead to lower accuracy. Thus, methods which
can achieve relatively high accuracy with less physiological
information collected should be studied.
In this paper, we propose an automatic sleep arousal detection algorithm based on a recently proposed fast classifier
named Curious Extreme Learning Machine (C-ELM) [4].
The widely used Support Vector Machine (SVM) classifier [5] is also used on the feature set. The information of the
accuracy and the Area Under the Receiver Operating Characteristic (ROC) Curve (AUC) are calculated and compared
for both the C-ELM-based and the SVM-based detection
algorithms. During the process, 10-fold cross validation is
used to avoid bias due to luckily/unluckily selected validation set, thus making the performance estimate less sensitive
to the partitioning of the data. The result shows that our CELM based detection model has a better performance than

the SVM-based model.
The rest of the paper is organized as follows: in Section II
we discuss the related works and their drawbacks. After that,
in Section III, we introduce the proposed sleep arousal detection model. Section IV introduce the data preprocessing and
segmentation methods. Section V discusses the classification
method based on C-ELM. In Section VI, we present the
experiments and evaluation results. The paper is concluded
in Section VII.
II. R ELATED W ORKS
Currently, sleep arousal events are mostly diagnosed manually. Patients are asked to take an overnight PSG test which
records several physiological signals. These recordings are
then analysed and scored according to some rules by highly
skilled sleep experts with specific domain knowledge. Various scoring rules and their reliability and validity have been
developed and discussed in [2].
However, visual scoring of sleep arousals is timeconsuming and cumbersome. Several automatic or semiautomatic detection methods based on computer algorithms
have been proposed [3]. One of the detection methods is
based on heart rate variability of electrocardiogram (ECG)
and two other methods used peripheral arterial information
to detect sleep arousals [6], [7]. In [7], patients are asked
to take an overnight PSG test and a peripheral arterial tone
(PAT) test simultaneously. The PAT signal and the pulse rate
derived from it are then used to detect arousals from sleep.
The total number of arousals scored by the PAT device is
divided by the number of hours of sleep and termed PATbased autonomic arousal indices (PAT-AAI). It is reported
in [7] that the sensitivity and specificity are 0.80 and 0.79
respectively and area under ROC curve (AUC) is around
0.87. They only reported the results of patients with at least
20 arousals/hours [7].
In [8], an approach is developed based on statistical and
data mining techniques. It first defined a set of general rules
to detect arousals (termed meta-rules extraction step) with a
training set of 6 adult patients’ PSG recordings. The rules
are then dynamically adjusted depending on the individual
patient (called the actual-rules extraction step) and detected
arousals. An automatic detection method of EEG arousals is
described in [9]. The authors used two EEG channels (F4C4 and C4-O2) and one EMG channel. In the first step of
the study, a wavelet transform was used to process EEG
signals and characterized the signal in the time-frequency
domain. A set of indices were obtained after the first step.
The indices obtained from the first step was then used to
estimate a linear discriminant function. In [6], a study was
conducted on the detection of respiratory-related arousals. In
this work, a method for automatic detection of EEG arousals
in sleep apnea syndrome (SAS) patients was proposed. PSG
recordings including four channels of EEG (C3-A2, C4-A1,
O1-A2, O2-A1), two channels of EMG, electroocculography

(EOG), ECG, airflow pressure and temperature etc. Another
automatic detection method based on the idea of segmentation, spectral feature extraction, statistical methods and
decisional rules is described in [10]. Two EEG channels of
2 patients’ PSG recordings were utilized and three sleep
experts scored the sleep arousal events in this study.
To our knowledge, none of the works has reported a
comparison between its own result and that of other works.
Several possible reasons are listed as follows. First, different
dataset were used in different works. Most of the studies
collaborated with their own hospitals to recruit patients to
collect PSG data. The devices used and patients participating
in the test can vary a lot among different studies. In addition,
various sleep experts involved in annotating the sleep arousal
events in different studies. Second, different physiological
signals are used in different studies. Last but not least,
various performance evaluation methods are used in different
works and there is no standard criteria for performance evaluation on this sleep arousal detection problem. In addition,
most of the studies utilized imbalanced dataset to evaluate
performances and they did not use imbalanced learning
algorithms or make a balanced dataset. This may lead to
a good overall accuracy while the real performance is bad.
III. S LEEP A ROUSAL D ETECTION M ODEL
Our sleep arousal detection algorithm is based on segmentation and classification. First, raw sleep dataset which
contains noise is obtained from Physiobank [11]. A band
pass filter is used to remove artifacts and irrelevant information. Next, the preprocessed dataset is segmented into
1-second epochs in order to do the classification. Since the
input data is too large to be processed, a feature extraction
step is used to transform the raw dataset into feature vectors
which contain the relevant information. Finally, the feature
vectors of the dataset are input into the Curious Extreme
Learning Machine (C-ELM) classifier and SVM classifier.
The overall model is illustrated in Fig.1.

Figure 1: Sleep arousal detection model.

IV. DATA P REPROCESSING AND S EGMENTATION
A. Data Acquisition
One central EEG channel (C4-A1/C3-A2) with a sampling
frequency of 250 Hz of a patient’s single overnight PSG
recording is utilized in this paper. The EEG raw data is
downloaded from Sleep Heat Health Study (SHHS) PSG
DataBase of PhysioBank [11]. The SHHS is a prospective
cohort study designed to investigate the relationship between sleep disordered breathing and cardiovascular disease.
The age of the patient in the study is over 40, without
tracheostomy, without history of treatment of sleep apnea,
without current home oxygen therapy. Other information,
such as a sleep expert’s annotations of arousal events and
sleep stages, are downloaded from PhysioBank as well.
According to the ASDA manually scoring rules [12],
arousal events during REM sleep stages must be scored
when at least one EMG channel is used since the arousal
events during REM sleep stages must be accompanied by an
increase in submental EMG according to ASDA rules [12].
Therefore only data of non-REM sleep stages (sleep stage
1, 2, 3) and wake stage are included in this study. Consequently, we have investigated a total of 1,920,000 samples
(7680 seconds) for arousal detection.
B. Band Pass Filter and Segmentation
According to [3], sleep related frequencies can be divided
into 6 bands: 0-0.5 Hz (gamma or slow delta), 0.5-4 Hz
(delta), 4-8 Hz (theta), 8-12 Hz (alpha), 12-16 Hz (sigma),
16-30 Hz (beta). Some of the above-mentioned works define
the beta band as 16-64 Hz [9], 16-40 Hz [10] or >13 Hz [8].
In [12], sleep EEG arousals are related to the theta, alpha
and beta bands. Other sleep bands are related to sleep stages
or sleep spindles. In order to remove noise and frequencies
non-related to sleep, we band-pass filter the raw EEG signal
from 0-50 Hz.
Analysis tools, such as Fast Fourier Transform (FFT),
are widely used to process EEG signals. However, in this
research, we want to identify sleep arousals based on 1second epochs. Thus a time-frequency representation is
performed which enables us to obtain time and frequency
information simultaneously. It is useful in analyzing complex
physiological signals [3]. In order to do time-frequency
analysis and extract feature vectors from the signal every
second, the band-pass filtered signal is segmented into 1second epochs. Then, frequency analysis is performed for
each epoch. A total of 7680 epochs of sleep data are thus
obtained.
C. Feature Extraction
In this section, features extracted from the sleep EEG data
are listed and described. In this stage, a total of 22 features
are extracted from one single channel EEG to be used in the
classification stage. All the 22 features are now described.

In the feature extraction step, Fast Fourier Transform (FFT)
is used for the frequency and power analysis.
Power Ratio: According to the ASDA scoring rules [12],
sleep EEG arousals are abrupt frequency shifts of theta,
alpha and beta sleep bands. The frequency shift can be
represented by the changes of power in time. First, for each
one second epoch, two temporal windows which contain
the power information are chosen. A window of 10 seconds
ending in the current epoch is used to represent prior power
information and another window starting from the current
epoch is chosen to provide the current or future power
information. The changes of power can be represented by the
power ratio between these two windows. According to [3],
we make the “future” window 1 second in length and we
also choose another “future” window of 3 seconds according
to [13]. That is to say, we have 2 different power ratio
frames. One is 1 second/10 second frame and the other one is
3 second/10 second frame. The duration of 10 seconds as the
former window length also comes from the ASDA scoring
rules [12]. In [12], the scoring rule suggests a minimum
of 10 seconds of intervening sleep is necessary to score a
second arousal once a previous arousal is detected. So we
choose 10 seconds as the length of the former window. Next,
each of the two windows are transformed to the frequency
domain using FFT, and the power of each window can
be calculated. Each of the six sleep bands’ power ratios
including theta ratio (4-8 Hz), alpha ratio (8-12 Hz), beta
ratio (16-30 Hz), gamma ratio (0-0.5 Hz), sigma ratio (1216 Hz) and delta ratio (0.5-4 Hz). and the whole power ratio
(0-50 Hz) are calculated and extracted as features. A total of
14 features (we have two frames of windows (3-second/10second and 1-second/10-second)) are extracted based on the
power ratios.
Sleep Spindle: It is stated in the ASDA scoring rules [12]
that arousals are abrupt EEG frequency shifts which are not
sleep spindles. Hence, the power ratio between sigma and
(alpha plus beta) using 3-second/10-second window frame
is selected to indicate the presence of sleep spindles [3].
Mean Frequency: The signal’s mean frequency of each
1-second epoch is extracted as a feature [3]. The mean
frequency is computed as follows [9].
P
pi × fi
(1)
f¯ = P
pi
where fi is the center frequency of the band and pi is its
power.
Power and Max Power Frequency: The power of 0-50
Hz band for each 1-second epoch is selected as a feature.
Another feature is max power frequency, which is defined
as the frequency corresponding to the maximum power or
maximum amplitude in the FFT amplitude spectrum.
Time Domain Based Features: The mean value and standard deviation of the signal in the time domain are selected
as features for each 1 second. An abrupt shift in EEG

frequency may be indicated by the number of zero-crossing,
so the number of zero-crossing is another feature selected
in the time domain. We choose the mean value of each
second as “Zero” (the baseline). A large number of zerocrossing may indicate an abrupt shift in EEG frequency
occurs, thereby an arousal may have happened. These three
features are added from our own perspective based on the
ASDA rules [12].
Sleep Stages: Although it is widely accepted that the
scoring of sleep arousals is independent of Rechtschaffen
and Kales criteria [14], the selection of sleep stages as a
feature is still necessary. First, an arousal event is easy
to be incorrectly scored during the wake stage. Second,
sleep stages are characterized by various sleep waves (theta
wave, alpha wave etc.). In this paper, the annotations of
sleep stages are downloaded from Physionet [11] which is
manually scored by sleep experts.
V. C LASSIFICATION BASED ON C-ELM
In this section, the Curious Extreme Learning Machine
(C-ELM) algorithm is briefly described.
Extreme Learning Machine (ELM) is a fast, easy-toimplement machine learning algorithm based on a single
hidden layer feedforward neural network (SLFN). It has
been reported to have good performance and generalization
ability [15]. Details about ELM and related algorithms based
on ELM can be found in [15]. Curious Extreme Learning
Machine (C-ELM) is a curiosity driven algorithm based on
ELM, which follows psychological theory of curiosity and
performs curiosity appraisal towards each input data. The
algorithm has four variables (novelty N (xt ), uncertainty
U(xt ), conflict C(xt ) and surprise S(xt )) and three learning
strategies (neuron addition, neuron deletion and parameter
update). The four variables are computed for each input vector xt and compared with initialized thresholds. According
to the comparison result, one corresponding learning strategy
is utilized to adjust the structure or update the parameters
of the neural network automatically. The conditions for the
three learning strategies [4] are briefly summarized below.
Neuron Addition Strategy: Given an input xt , the neuron
addition condition is:
N (xt ) > θN add AND U(xt ) > θU AND S(xt ) > θS ,
(2)
where θN add , θU , and θS are neuron addition thresholds
for novelty, uncertainty, and surprise, respectively. If these
parameters are chosen close to 1, then very few input data
can trigger the neuron addition strategy and the network
cannot approximate the decision function accurately. If these
parameters are chosen close to 0, then many input data
can trigger the neuron addition strategy, leading to poor
generalization ability. In general, θN add is chosen in the
range of [0.1,0.5], θU is chosen in the range of [0.1,0.3],
and θS is chosen in the range of [0.2,0.9].

Neuron Deletion Strategy: Given an input xt , the neuron
deletion condition is:
S(xt ) > θS AND C(xt ) > θC AND N (xt ) < θN del , (3)
where θS , θC , and θN del are neuron deletion thresholds for
surprise, conflict, and novelty, respectively. When θS and θC
are chosen close to 1 and θN del is chosen close to 0, then
very few input data can trigger neuron deletion, leading to
poor generalization ability. When θS and θC are chosen close
to 0 and θN del is chosen close to 1, then many input data can
trigger neuron deletion and the network cannot approximate
the decision function accurately. In general, θS is chosen in
the range of [0.2,0.9], θC is chosen in the range of [0.1,0.3],
and θN del is chosen in the range of [0.1,0.8].
Parameter Update Strategy: When both neuron addition
and deletion conditions are not satisfied, it indicates the
new input vector is a ‘familiar’ data. The number of hidden
neurons will not be changed and the output weights are
updated.
A pseudo-code for the C-ELM learning algorithm is given
in Algorithm 1.
Step 1. Present a sample (xt , ct ).
Step 2. Compute four variables (N (xt ), uncertainty
U(xt ), conflict C(xt ), surprise S(xt )) according to the
input vector.
Step 3. Select one learning strategy out of three
(Neuron Addition, Neuron Deletion, Parameter Update)
based on the four variables and corresponding
thresholds.
Step 4. Increment t = t + 1, repeat Step 1 to Step 3.
Algorithm 1: Pseudo-code for C-ELM classifier
VI. E XPERIMENT
In this section, we first apply C-ELM and SVM to the
feature vectors of the dataset. Since our data are limited,
a 10-fold cross validation is utilized to gain insight into
how our model will generalize to an independent dataset
(i.e., how accurately this model will perform in practice).
Then the Area Under the Curve (AUC) and Accuracy (ACC)
are computed and used as the criteria for our performance
evaluation. In addition, the training speeds of our C-ELM
based model and the SVM based model are discussed and
compared.
During a patient’s overnight sleep, the number of arousal
events can range from tens to hundreds. Each event can last
from several seconds to more than 15 seconds (currently no
terminal criteria is established according to ASDA scoring
rules [12]). However, the total duration of all arousals during
one night of sleep is quite small, around 20 or 30 minutes
out of 8 hours. That is to say, the data can be quite
imbalanced when applied to a classifier. Thus, the accuracy
could be overestimated. In this study, there are only 144

epochs among the total of 7680 epochs which are labeled
as positive data (arousals) by sleep experts. To solve the
imbalance problem, we perform classifications using the
following procedure.
• First, 144 negative epochs are selected randomly from
a total of 7536 non-arousal epochs. The 144 positive
epochs are combined with the selected negative epochs
to form a balanced dataset of 288 epochs in total.
• Second, randomize the dataset of 288 epochs obtained
in the first step and divide it into 10 folds for cross
validation. Then we apply C-ELM and SVM to the
randomized dataset. Each one of the 10 folds is used
as a test set in turn, with the other 9 folds used as
training sets. Thus, for each test fold, decision value of
each input epoch (decision value is used to determine
the predicting result, such as positive or negative in
binary classification) is obtained.
• Third, a Receiver Operating Characteristic (ROC curve)
is plotted according to decision values obtained from
the second step. For details of ROC curve, please refer
to Appendix D. Finally, AUC and ACC are computed
from the ROC curve.
• Repeat step 1 through step 3 for 50 times. The 50 AUC
and ACC results are discussed later in this section.
In this work, the Library of Support Vector Machine (LIBSVM) [16] is used to train and test data in the SVM based
model. In the training step, Radial Basis Function (RBF)
kernel function is used for the Support Vector Machine
because RBF kernel usually has a better performance for
classification problems. A grid search is utilized to tune
parameters in order to optimize the performance of the SVM
based model. The C-ELM based model is trained and tested
using the source code from [4]. The parameters used are
the ones that provided the best classification performance
in previous experiments according to [4]. The learning
thresholds are set as follows.
• The low threshold of novelty = 0.1;
• The high threshold of novelty = 0.4;
• The uncertainty threshold = 0.1;
• The conflict threshold = 0.3;
• The surprise threshold = 0.4;
A. AUC and ACC evaluation
The average AUC and ACC results of the 50 datasets
for the C-ELM based model and the SVM-based model are
listed in Table I and Table II, respectively. The standard
deviation of the 50 AUC and ACC results are also listed in
Table I and Table II. The best C-ELM based result and its
corresponding SVM result are summarized in Table III and
the ROC curves are plotted in Fig 2. The best SVM based
result and its corresponding C-ELM result are summarized
in Table IV and the ROC curves are plotted in Fig. 3.
According to the results shown in two tables, an average
AUC of 0.85 and ACC of 0.79 are achieved by our C-ELM

Table I: Average AUC comparison of C-ELM based model
and SVM based model
Properties
Average AUC
Standard deviation

C-ELM model
0.85
0.02

SVM model
0.69
0.16

Table II: Average ACC comparison of C-ELM based model
and SVM based model
Properties
Average ACC
Standard deviation

C-ELM model
0.79
0.02

SVM model
0.67
0.12

Table III: Best performance of C-ELM based model among
50 datasets and the corresponding performance of SVM
based model of the same dataset
Properties
AUC

Bset C-ELM Performance
0.88

SVM performance
0.83

Table IV: Best performance of SVM based model among
50 datasets and the corresponding performance of C-ELM
based model of the same dataset
Properties
AUC

Bset SVM Performance
0.89

C-ELM performance
0.86

based model while an average AUC of 0.69 and ACC of 0.67
are obtained by SVM based model. These results indicates
the sleep arousal detection model based on C-ELM performs
very good on our datasets and the SVM based detection
model is relatively poor. This comparison result is consistent
with those of other problems reported in [4]. In [4], both CELM and SVM are evaluated on the benchmark problems
from the UCI machine learning repository which contains
three multicategory classification problems and three binary
classification problems. It is reported that C-ELM performs
better than SVM on all the six problems. The overall
accuracy of C-ELM is greater than that of SVM by 0.12
for the Vehicle problem.
The standard deviation of AUC of our C-ELM model is
only 0.02 while the SVM based model reaches 0.16. We
can see that the best AUC achieved by C-ELM based model
is around 0.89 from Table III and Fig. 2. The similarity
between the best result and the average AUC 0.85 and
a relative small standard deviation of 0.02 may indicate
the input data of most datasets among the 50 datasets are
randomized well and the C-ELM based model is stable on
all the 50 datasets. However, the average AUC of the SVM
based model is around 0.67. It is much smaller than the best
AUC which is around 0.89. We also find that the standard
deviations of 50 AUCs and ACCS for the SVM based model
are much greater than those of C-ELM based model. The
possible reasons for the relatively poor performance of SVM

Figure 2: ROC curves for C-ELM based and SVM based
models for the dataset which gives the highest AUC for CELM. The red line is a random classification, the blue line
is the curve of C-ELM and the green line is the curve of
SVM.

results in big variance of parameter’s values which may
cause the unstable performance of SVM based model.
Choosing the kernel function is probably the most tricky
part of using SVM. The kernel function is important because it creates the kernel matrix which summarizes all the
data [17]. RBF kernel function is used in SVM classifier in
our study because this kernel function is always a good try in
various problems [17]. However, what could happen is that
RBF kernel is not a good choice on our data. For example,
if our data is linear distributed, we used RBF kernel instead
of linear kernel with poor parameters selected, this could
cause over fitting problem which leads to a less effective
classifier. Another seperate experiment is done to observe
whether SVM based model has an over fitting problem. It
is shown that the average training accuracy of 50 datasets
is greater than the average testing accuracy by around 0.1
which indicates over fitting problem might have occur in
some of the 50 datasets.
C-ELM is based on ELM. Compared to SVM, ELM has
some advantages which may lead to a better performance
in our study. The hidden node parameters can be generated
without the knowledge of the training data and no parameter
tuning is needed for ELM [15]. The constraint of the choose
of kernel is much smaller on ELM than SVM. That is to
say, ELM may generalize better than SVM regardless of
kernel choosing and the distribution of the data. C-ELM is an
enhanced ELM. It is reported to have a better performance
than ELM on all the 3 binary classification benchmark
problems studied in [4]. It reduces the randomization effect
of ELM mainly by providing an optimal number of hidden
neurons. The hidden neuron addition or deletion strategy
based on curiosity may helps in avoiding over fitting.
B. Speed Evaluation

Figure 3: ROC curves for C-ELM based and SVM based
models for the dataset which gives the highest AUC for
SVM. The red line is a random classification, the blue line
is the curve of C-ELM and the green line is the curve of
SVM
based model compared to the model proposed by us are
discussed below.
In our study, we used RBF kernel function for SVM based
model, then two parameters of the model and the kernel
function need to be tuned to optimize the performance and
avoid overfitting. For each one of 50 datasets, we do grid
searches to choose the best values for the two parameters.
When we do cross validation for each dataset, grid search
is applied to determine values of the parameters for each 1
of 10 folds. The complexity in tuning parameters for SVM

In order to do a fair comparison between the training times
for the C-ELM based model and the SVM based model,
we use the built-in SVM training function of MATLAB
R2012b to do the classification instead of the function from
LIBSVM [16] since the LIBSVM utilizes c/c++ source
code (Matlab is slower than C/C++ which would make
the comparison unfair). The kernel function of the SVM
classifier is RBF. A total of 288 observations, each with
22 features (288*22 matrix), containing 144 positive data
and 144 negative data were selected randomly from the
7680 observations. The training times for both models are
shown in Table. 2.6. It can be seen that the training speeds
for the two models are similar. This result is consistent
with those reported in [4]. In [4], the training times for
C-ELM and SVM are similar for all the three benchmark
binary classification problems. For example, for Brest cancer
problem, The training time of SVM is 0.11 while that of CELM is 0.09. A total of 300 training data with dimension of
9 are used in the Breast cancer problem. In this paper, it is
just a rough comparison for the specific dataset. The training

time depends on the dataset, kernel function used as well as
the coding implementation of the algorithm and so on. In
addition, we don’t tune parameters in our model while a
grid search is utilized to optimize the SVM based model.
If considering the total executing time of the sleep arousal
detection model, the SVM based model is slower than the
C-ELM based model and the executing time of SVM based
model depends on the complexity of the grid search. A more
thorough evaluation of the training times is required but this
is not the main aim of this work.
Table V: Training times for C-ELM based model and SVM
based model for a dataset with dimension of 22
training time (seconds)

C-ELM model
0.079

SVM model
0.080

VII. C ONCLUSION
In this paper, a new detection model for sleep arousal,
based on a new set of 22 features and Curious Extreme
Learning Machine (C-ELM), has been proposed. The performance of the new model is presented and compared to
that of a SVM-based model. It is found that the proposed
model of sleep arousal detection has a good performance
even when only one single EEG channel and limited data is
available. The proposed model has a higher AUC and ACC
which indicates a better ability to correctly classify a random
data as a sleep arousal or a non-arousal while its training
speed is similar to that of the SVM based model.
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