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Sleep analysis is often used to identify sleep-related human health. In many
cases, sleep disorders could cause a particular disease. One of the approaches
to detect sleep disorders is by investigating human sleep stages. However, the
selection of the proper electrocardiogram (ECG) features is still considered
challenging and becomes an issue to achieve the performance of the algorithm
used. Therefore, it is necessary to investigate which ECG features are very
significant to the performance of the algorithm. In this study, the support
vector machine (SVM) method has been utilized to classify sleep stages into
two classes namely awake and sleep. In order to improve the classification
performances, an optimization method of grid search was used to find the best
parameters of the SVM. Feature selection of information gain was then used
to find the most significant ECG features. To validate the performance results,
one leave-subject out cross-validation has been conducted during the
implementation. There were ten subjects involved in this implementation. The

ECG signals from those ten subjects were used to differentiate awake from
sleep state. Based on the results, our method obtained an average accuracy of
85.46% a precision of 84.05% and a recall of 85.44% respectively.

Support vector machine
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1. INTRODUCTION

Sleep is a part of someone’s activity that has an important role in their daily life. Lack of sleep could
influence someone’s health [1]. There are some diseases and inflammatory conditions related to sleep disorders
namely heart disease, stroke, diabetes, and depression [2], [3]. Analysis of sleep stage classification is often
used for sleep quality assessment [4], and for identifying sleep disorders to prevent chronic diseases due to
sleep disorders [5]. Sleep stage classification as one of the sleep analysis techniques has been conducted to
score the sleep stages of patients in obstructive sleep apnea [6]. However, the selection of the proper
electrocardiogram (ECG) features is still considered challenging and becomes an issue to achieve the
performance of the algorithm used. Therefore, it is necessary to investigate which ECG features are very
significant to the performance of the algorithm. In addition, the method used needs to be optimized to reach
the maximum agreement rate.

Some conventional machine learning techniques have been used to classify sleep stages from
electroencephalogram (EEG), electromyogram (EMG), and electrooculography (EOG) [7]-[11]. Hanaoka
et al. [12] conducted automatic sleep scoring using decision tree learning by generating the tree to classify the
signal data according to its classes. Khushaba et al. [13] conducted sleep stage scoring using orthogonal-
locality sensitive fuzzy discriminant analysis using the EEG, EMG, and EOG signals. The identification of
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sleep stages has been done for EEG signal using multi classes support vector machine (SVM) [14]. Moeynoi
and Kitjaidure [15] used dimension reduction based on canonical correlation analysis (CCA) to classify sleep
stages using EEG and ECG signals. Sleep stages classification could be derived not only from EEG, ECG but
also could be derived from a combination of ECG-derived Heart rate variability (HRV) and respiratory [16].
In recent, deep learning approaches have been used to classify sleep stages. Vilamala et al. [17] designed deep
convolutional neural network (DCNN) architecture to interpret sleep stages from EEG signals. Similarly,
Supratak et al. [18] classified sleep stages from raw single-channel EEG data using DeepSleepNet architecture.
DCNN also has been used to differentiate awake-state from sleep-state using actigraph data [19]. Even though
deep learning approaches showed better performances, but it is hard of getting the most significant ECG
features to be recommended.

In this study, we presented conventional machine learning of SVM to classify binary sleep stages from
three-channel Holter ECG (V5, CC5, and V5R) of ten subjects referred to the sleep disorders
clinic [20]. To improve the performance of classification, the optimization method of grid search has been
applied to find the best parameters for the SVM method. In addition, we investigated the most significant ECG
features with respect to the performance of the algorithm using feature selection of information gain. The
remainder of this paper is organized into four sections. Section 2 describes the methods used for the
classification of sleep stages. Section 3 presents the results of classification performances using SVM and
optimized SVM. Finally, all works from this paper are concluded in section 4.

2. METHOD
2.1. Segmentation and filtering

The overall process of sleep stages classification in this experiment is shown in Figure 1. The recorded
ECG signal was taken from St. Vincent’s University Hospital sleep apnea dataset. In this implementation, the
sleep states were differentiated based on the length of segmented data. The ECG signal from each subject was
segmented using 30-second epochs and a sampling frequency of 100 Hz producing 3,000 data samples. Each
segment data is then filtered using a finite impulse response (FIR) filter at a band frequency of 0.05-35 Hz.
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Figure 1. Block diagram of sleep states classification using three-channel Hotler ECGs (V5, CC5, V5R).
Benchmark test is conducted using SVM and optimized SVM using grid search method

2.2. Feature extraction

After filtering each segment data, the features from filtered data were then extracted using mean,
variance, and standard deviation. The mean of filtered data calculates the average of the data in one segment.
It is calculated using (1):

— 1 .
x= Tl x(0) (1)
where N indicates the length of one segment data and x(i) each sample data of segment.

The variation of each segment data was also calculated as a standard deviation of the data. We
inspected the variation of each segment data to distinguish sleep stages using (2) and the variance of segment
data using (3) as shown in:

Std(x) = |= T, (x(D) — %)? @)
Var(x) = ==X, (x(i) — )2 (3)

where x(i) the i-th sample data and x the average of data.
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Figure 2(a) describes 1000 samples of ECG signals characterizing the awake state while Figure 2(b)
demonstrates ECG signals for the sleep state. Obviously, we may differentiate the awake state from the sleep
state by observing the patterns of the ECG signals.
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Figure 2. ECG signals recorded using a Reynolds Lifecard CF system (a) 1000 samples ECG signal of awake
state and (b) 1000 samples ECG signal of sleep state

2.3. Support vector machine

SVM is one of the most popular machine learning techniques. The classifier SVM separates the classes
by seeking the hyperplane that maximizes the distance between the different classes [21]. There are some
kernels that can be used to tackle the input data grouped into linear and nonlinear kernels. In terms of nonlinear
processing, the kernel trick is often applied for the SVM to find the best model separation for the classes [22].

In this paper, we utilized grid search as an optimization method for the SVM to automatically find the
best parameters of the SVM improving the classification performances. We set up the initial parameters and
then defined the sample spaces of the SVM parameters. In Algorithm 1 shows the pseudocode of the optimized
SVM using grid search.

Algorithm 1 An optimized SVM using grid search pseudocode:
1:  create SVM model as an initial classifier
2: initial model « train the initial classifier (train data, train label)
3:  define sample spaces of the SVM parameters candidate:
4: ’C’ «[05,1.0,15,2.0,2.5]
5: “kernel” « [’linear’,’rbf’,’poly’,’sigmoid’]
6: *degree’ « [2, 3,4, 5, 6]
7 ’gamma’ « [’scale’,’auto’]
8:  grid search model « create model (initial model, sample spaces)
9:  optimized parameters « train grid search model (train data, train label)
10:  Prediction « grid search model optimized parameters (test data)
11:  Accuracy « accuracy score (test label, prediction)
12:  Precision « precision score (test label, prediction)
13:  Recall « recall score (test label, prediction)
14:  return Accuracy; precision; recall

2.4. Metric evaluation

The performance of the optimized model in classifying sleep stages was evaluated using three metrics
evaluation namely accuracy, precision, and recall. The accuracy performance that represents the accumulation
of true positive (TP) and true negative (TN) of certain class prediction and the actual class divided by a total
number of predictions as formulated in (4):

TP+TN
TP+TN+FN+FP

Accuracy = 4)

False negative (FN) represents a number of incorrectly predicted sleep stages for a certain class label, and false
positive (FP) shows a total number of predictions when the classifier falsely predicts sleep stage. In (5),
precision represents the rate of TP with respect to the number prediction from the certain sleep states to all

actual sleep states.
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TP
TP+FP ®)

Precision =

Recall describes ratio of TP to all number prediction class of a certain actual sleep states. The recall is
formulated as (6):

TP

Recall = e (6)

In this study, we conducted classification of sleep stages into two classes namely awake and sleep states. The
class of sleep stages was derived from ECG signals.

3. RESULTS

In this section, we addressed some findings based on simulation. The classification performances were
investigated based on three scenarios. Firstly, the performance of SVM was investigated using three statistical
features namely mean, variance, and standard deviation. The performance of SVM and optimized SVM were
then analyzed. Secondly, in order to validate the performance of the algorithm, seven additional features were
added to the first scenario. The seven additional features consist of cress-factor, kurtosis, energy, skewness,
spectral frequency, entropy, and zero-crossing, as defined Sunarya et al. [23]. In the last scenario, feature
selection of information gain was utilized to find the three best significant features then the features were
applied to the algorithm.

Figure 3(a) illustrates the accuracies of ten subjects using the original SVM and the optimized SVM.
There are significant improvements after applying the optimization method of grid search. The grid search has
proven to lif up the accuracy score of each subject during implementation with the average accuracy of 84.03%
this accuracy score is 6.30% higher than the original SVM (77.73%). The highest score, 90.56% was obtained
by subject 10 using the optimized SVM while the lowest one by the subject 5, 68.73% in original SVM and
74.18% in optimized SVM. Overall, the optimized SVM was superior in terms of accuracy performance
compared to the original SVM.

Figure 3(b) shows the classification performance in terms of precision score. This performance
represents the total number of prediction awake states or sleep states with respect to all actual sleep stages.
Similar to the accuracy performances, the average precision using optimized SVM (82.69%) shows superior
results than the original SVM (77.82%). Both the optimized and original SVM show the lowest result precision
score on subject 3, 58.20% and 55.54% respectively. Based on those results, we could analyze that optimizing
SVM parameters has successfully improved the performance of the SVM method.

Figure 3(c) shows the average of recall in each subject. In this case, recall reflects the number of
predictions that the classifier correctly predicts the awake and sleep states based on its actual class. Overall,
the recall performance using the optimized SVM outperformed compared to the original SVM with the average
recall score of 84.03% and this score is 6.67% higher than the original SVM (77.36%). Similar to the accuracy
and precision performances, subjects 3, 5, and 9 showed a decreasing trend with the lowest one was subject 5
(68.73%). The highest recall score was obtained by subject 10 (90.56%).

The classification performance of the algorithm was then investigated using 10 features, as shown in
Figure 4. The 10 features consist of three statistical features on the first scenario and seven other additional
features. Figure 4(a) shows the average accuracy performance on training and testing data both using optimized
SVM. Subject 10 reached the highest accuracy score of 93.60% on training and 92.72% on test data,
respectively. Meanwhile, the lowest accuracy was happened to subject 9 on training data and subject 1 on
testing data. Figure 4(b) shows the performance of the algorithm in terms of precision performance. Among
all the subjects, subject 10 reached the highest precision score of 91.28% while subject 9 is the lowest score of
77.72%. Figure 4(c) describes the recall performance. Likewise in the accuracy and precision performances,
subject 10 reached the highest score of 92.72% in terms of recall performance.

Compared to the first scenario, the scenario using 10 features relatively has higher performances. In
the case of the average accuracy score, the second scenario reached 85.46%. This score is 1.43% higher than
the average accuracy of the first scenario with grid search algorithm (84.03%) and 7.73% higher than the first
scenario without grid search (77.73%) respectively. Meanwhile, the average precision (84.05%) and recall
(85.44%) in the scenario using 10 features are still superior compared to the scenario using three statistical
features as in the first scenario 82.69% and 84.03% respectively.
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Figure 3. The classification performances across 10 subjects using the SVM and optimized SVM based on
three statistical features (a) average accuracy, (b) average precision, and (c) average recall

In the last scenario, the 10 ECG features used in the second scenario were investigated to gain which
features have the most significant role in the performance of the algorithm. Then the three best features were
selected as the features used in the algorithm confirming the classification performance of the algorithm.
Feature selection of the information gain (1G) has been used to select and order the features based on the
significant rate of the features. The higher the information gain, the more significant the role of features in the
performance algorithm. Figure 5 describes the role of the features to the performance algorithm from the most
significant to the fewer ones.

Based on the information gain shown in Figure 5, the sorted features are crest factor, standard
deviation, kurtosis, energy, mean, skewness, variance, spectral frequency, entropy, and zero-crossing. Then the
three best features of crest factor, standard deviation, and kurtosis were applied to the algorithm resulting the
average accuracy of 84.83% the average precision of 84.83% and the average recall of 76.17% respectively.
Table 1 shows performance classification results from all scenarios in the implementation starting from the
SVM using three statistical features as the reference point analysis. The optimization method of grid search
was applied to the first scenario resulting significant performances improvement not only in the accuracy but
also in the precision and recall. In order to investigate the effect of features then seven additional features were
added to the algorithm as a result the performances increased. Based on the information gain score then we
picked up the three best features. The results show that the average accuracy performances from the selected
features are superior to that reference scenario. It noticed that both the optimization algorithm of grid search
and feature selection of information gain took a significant role in improving the performance classification.
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Figure 4. The classification performances across 10 subjects utilizing 10 features (a) average accuracy,
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Figure 5. The information gain of 10 features corresponding to performance algorithm

4. DISCUSSION

In this section, the accuracy performances among all scenarios were addressed. The accuracy
performance was investigated in each scenario. Figure 6(a) describes the comparison of average accuracy
between the SVM using three statistical features with and without optimization algorithm of grid search across
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ten subjects. The curve without grid search was indicated with label ‘acc 3fts’ while the curve with grid search
was indicated with label ‘acc 3fis opt’. The results show that the average accuracy performance of the method
with grid search is higher than the method without grid search. Three subjects i.e., subjects 3, 5 and 9 show
significantly lower than the rest of subjects. This phenomenon might happen due to subject conditions. Since
all the subjects included in this implementation have high potential sleep disorders that might affect ECG
signals while recording. Figure 6(b) describes the average accuracy algorithm when seven additional features
were added into the algorithm in the reference scenario. It can be seen that the performance algorithm using
ten features is relatively higher than only using three statistical features. Moreover, in the case of applying the
grid search. In the scenario of using ten features, the average accuracy increases after using the optimization
algorithm of grid search ‘acc 10fts opt’ compared to the SVM without the grid search ‘acc 10fts’. Three out
of ten features were selected using the information gain method to gain the best features for ECG sleep
classification. Among ten features, the crest factor, standard deviation, and kurtosis were selected as the three
best features. Based on these three selected features the average accuracy scores could be compared to that
using the same number of features in the reference scenario. Figure 6(c) describes the average accuracy using
three selected features. The results show that the SVM with three selected features outperforms the SVM with
three statistical features at the same number of features. Furthermore, the SVM using three selected features

with grid search algorithm ‘acc_3ftsAdds opt’ was superior to the SVM without grid search algorithm ‘acc
3ftsAdds .
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Figure 6. The accuracy performances with and without optimization across ten subjects (a) accuracy using 3
statistical features, (b) accuracy using 10 statistical features, and (c) accuracy using3 selected features

Figure 7 illustrates the overall classification performances of three scenarios using the optimization
algorithm of grid search across ten subjects. Figure 7(a) shows the average accuracy of three optimized
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algorithms. The optimized SVM using ten features ‘acc_10fts’ relatively higher compared to the optimized
SVM using the three selected features ‘acc_3fts+’ or three statistical features ‘acc_3fts’. Similarly, the average
precision ‘pre_10fts” and recall rec_10fis’ of the optimized SVM using ten features were superior compared
to the precision and recall using 3 statistical features and selected features as shown in Figure 7(b) and Figure
7(c), respectively. Overall, the optimized SVM using ten features outperformed among other scenarios.
Moreover, the optimized SVM using the three selected features was superior compared to the scenario using
three statistical features and slightly inferior to the scenario using ten features. Based on these results, it could

be judged that grid search and feature selection of information gain has an important role in lifting the
classification performances.
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Figure 7. Classification performances of optimized methods across ten subjects; (a) accuracy of all scenarios,
(b) precision of all scenarios, and (c) recall of all scenarios

Table 2 shows benchmark results of the proposed method with related works. In 2020, sleep stages
classification has been conducted using decision tree [24]. The study utilized Poincare plot and DFA as its
features yielding 60% of accuracy. linear discriminant analysis (LDA) has been used to classify sleep stages
with the average accuracy of 71.93% in [25]. Mehdi et.al. used eight frequency domain features, three statistical
time-domain features, and two nonlinear features in their study. The SVM methods using HRV time and
frequency domain features were used to classify sleep stages resulting in an average accuracy of 79.07% and
76% in [16], [26] respectively. Our proposed method used the SVM optimized with grid search resulting
average accuracy of 85.46% using ten features and 84.03% using three statistical features. Furthermore, we
introduced feature selection of information gain to select the most significant ECG features. The three
significant features were selected and then applied to our method resulting average accuracy of 84.83%. The
accuracy using three selected features was superior compared to other methods for the same number of features
as can be seen in Table 2. Overall, our method outperformed other related works.
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Table 2. Benchmark the optimization SVM using grid search with the related works

Method Year Feature Accuracy (%)

Decission Tree [24] 2020  Poincare plot and DFA 60

LDA [25] 2018 8 frequency domain, 3 statistical time domain and 2 nonlinear features 71.93

SVM-HRV [26] 2012 HRV frequency and time domain features 79.07
SVM-PCA [16] 2019 HRV frequency and time domain features, cross-spectra and magnitude 76

squared coherence features

FCM [28] 2012 55 time and frequency features 80.62

SVM + grid search 2022  mean, standard deviation, and variance 84.03

SVM + grid search 2022  crest factor, standard deviation, and kurtosis 84.83

SVM + grid search 2022  crest factor, standard deviation, kurtosis, energy, mean, skewness, variance, 85.46

spectral flux, entropy, and zero-crossing

5. CONCLUSION

This paper addressed the binary classification of sleep stages using recorded ECG data. There were
10 subjects involved in this study. The SVM method was used to differentiate the awake state from the sleep
state. The optimization method of grid search was then used to improve the classification performances by
automatically finding the best parameters for the SVM method. Finally, the results of the optimized SVM were
validated using accuracy, precision, and recall. The results showed that the optimized SVM obtained an average
accuracy of 85.46% precision 84.05% and recall 85.44%. These results noticed that our optimized SVM using
grid search could improve the classification performance of sleep stages. Moreover, we investigated all the ten
main features using feature selection of information gain in order to get the most significant features to the
algorithm performance namely crest factor, standard deviation, and kurtosis.
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APPENDIX
Table 1. The average accuracy, precision and recall of all scenarios
Method Feature Accuracy (%)  Precision (%)  Recall (%)
SVM mean, standard deviation, and variance 77.73 77.82 77.36
SVM-+grid search mean, standard deviation, and variance 84.03 82.69 84.03
SVM crest factor, standard deviation, kurtosis, energy, mean, 82.60 80.07 82.59
skewness, variance, spectral flux, entropy, and zero
crossing
SVM-+grid search crest factor, standard deviation, kurtosis, energy, mean, 85.46 84.05 85.44
skewness, variance, spectral flux, entropy, and zero
crossing
SVM crest factor, standard deviation, and kurtosis 83.27 74.93 83.24
SVM+grid search crest factor, standard deviation, and kurtosis 84.83 76.17 84.83
REFERENCES

[1] A. K. Jayanthy, S. Somanathan, and S. Yeshwant, “Analysis of obstructive sleep apnea using ECG signals,” in 2020 Sixth
International Conference on Bio Signals, Images, and Instrumentation (ICBSIl), Feb. 2020, pp. 1-5., doi:
10.1109/ICBSI1149132.2020.9167605.

[2] Z. Ranjbaran, L. Keefer, E. Stepanski, A. Farhadi, and A. Keshavarzian, “The relevance of sleep abnormalities to chronic
inflammatory conditions,” Inflammation Research, vol. 56, no. 2, pp. 51-57, Feb. 2007, doi: 10.1007/s00011-006-6067-1.

[3] A. von Ruesten, C. Weikert, I. Fietze, and H. Boeing, “Association of sleep duration with chronic diseases in the european
prospective investigation into cancer and nutrition (EPIC)-potsdam study,” PLos One, vol. 7, no. 1, Jan. 2012, doi:
10.1371/journal.pone.0030972.

[4] E.R. Widasari, K. Tanno, and H. Tamura, “Automatic sleep quality assessment for obstructive sleep apnea patients based on HRV
spectrum analysis,” in 2019 |EEE International Conference on Systems, Man and Cybernetics (SMC), Oct. 2019, vol. 2019-Octob,
pp. 1187-1192., doi: 10.1109/SMC.2019.8914203.

[5] D.Foley, S. Ancoli-Israel, P. Britz, and J. Walsh, “Sleep disturbances and chronic disease in older adults,” Journal of Psychosomatic
Research, vol. 56, no. 5, pp. 497-502, May 2004, doi: 10.1016/j.jpsychores.2004.02.010.

[6] D.Y.Kang, P. N. DeYoung, A. Malhotra, R. L. Owens, and T. P. Coleman, “A state space and density estimation framework for
sleep staging in obstructive sleep apnea,” IEEE Transactions on Biomedical Engineering, vol. 65, no. 6, pp. 1201-1212, Jun. 2018,
doi: 10.1109/TBME.2017.2702123.

Electrocardiogram feature selection and performance improvement of sleep stages ... (Lyra Vega Ugi)



2042 O3 ISSN: 2302-9285

[71 B.Y.Kimand K. S. Park, “Automatic sleep stage scoring system using genetic algorithms and neural network,” in Proceedings of
the 22nd Annual International Conference of the IEEE Engineering in Medicine and Biology Society (Cat. No.00OCH37143), 2000,
vol. 2, pp. 849-850., doi: 10.1109/IEMBS.2000.897848.

[8] H.J. Davies, T. Nakamura, and D. P. Mandic, “A transition probability based classification model for enhanced N1 sleep stage
identification during automatic sleep stage scoringa,” in 2019 41st Annual International Conference of the IEEE Engineering in
Medicine and Biology Society (EMBC), Jul. 2019, pp. 3641-3644., doi: 10.1109/EMBC.2019.8856710.

[9]1 L. Almazaydeh, K. Elleithy, and M. Faezipour, “Obstructive sleep apnea detection using SVM-based classification of ECG signal
features,” in 2012 Annual International Conference of the IEEE Engineering in Medicine and Biology Society, Aug. 2012, pp.
4938-4941., doi: 10.1109/EMBC.2012.6347100.

[10] A. Swetapadma and B. R. Swain, “A data mining approach for sleep wave and sleep stage classification,” in 2016 International
Conference on Inventive Computation Technologies (ICICT), Aug. 2016, vol. 2016, pp. 1-6., doi:
10.1109/INVENTIVE.2016.7830130.

[11] E. Alickovic and A. Subasi, “Ensemble SVM method for automatic sleep stage classification,” |EEE Transactions on
Instrumentation and Measurement, vol. 67, no. 6, pp. 1258-1265, Jun. 2018, doi: 10.1109/T1M.2018.2799059.

[12] M. Hanaoka, M. Kobayashi, and H. Yamazaki, “Automated sleep stage scoring by decision tree learning,” in 2001 Conference
Proceedings of the 23rd Annual International Conference of the IEEE Engineering in Medicine and Biology Society, 2001, vol. 2,
pp. 1751-1754., doi: 10.1109/IEMBS.2001.1020556.

[13] R. N. Khushaba, R. Elliott, A. AlSukker, A. Al-Ani, and S. McKinley, “Orthogonal locality sensitive fuzzy discriminant analysis
in sleep-stage scoring,” in 2010 20th International Conference on Pattern Recognition, Aug. 2010, pp. 165-168., doi:
10.1109/ICPR.2010.49.

[14] K. A. L Aboalayon and M. Faezipour, “Multi-class SVM based on sleep stage identification using EEG signal,” in 2014 |IEEE
Healthcare Innovation Conference (HIC), Oct. 2014, pp. 181-184., doi: 10.1109/HIC.2014.7038904.

[15] P. Moeynoi and Y. Kitjaidure, “Dimension reduction based on canonical correlation analysis technique to classify sleep stages of
sleep apnea disorder using EEG and ECG signals,” in 2017 14th International Conference on Electrical Engineering/Electronics,
Computer, Telecommunications and Information Technology (ECTI-CON), Jun. 2017, pp. 455-458., doi:
10.1109/ECTICon.2017.8096272.

[16] A. Rahimi, A. Safari, and M. Mohebbi, “Sleep Stage classification based on ECG-derived respiration and heart rate variability of
single-lead ECG signal,” in 2019 26th National and 4th International Iranian Conference on Biomedical Engineering (ICBME),
Nov. 2019, pp. 158-163., doi: 10.1109/ICBME49163.2019.9030391.

[17] A. Vilamala, K. H. Madsen, and L. K. Hansen, “Deep convolutional neural networks for interpretable analysis of EEG sleep stage
scoring,” in 2017 IEEE 27th International Workshop on Machine Learning for Signal Processing (MLSP), Sep. 2017, vol. 2017-
Septe, no. 659860, pp. 1-6., doi: 10.1109/MLSP.2017.8168133.

[18] A. Supratak, H. Dong, C. Wu, and Y. Guo, “DeepSleepNet: a model for automatic sleep stage scoring based on raw single-channel
EEG,” IEEE Transactions on Neural Systems and Rehabilitation Engineering, vol. 25, no. 11, pp. 1998-2008, Nov. 2017, doi:
10.1109/TNSRE.2017.2721116.

[19] T. Cho, U. Sunarya, M. Yeo, B. Hwang, Y. S. Koo, and C. Park, “Deep-ACTINet: end-to-end deep learning architecture for
automatic sleep-wake detection using wrist actigraphy,” Electronics, vol. 8, no. 12, Dec. 2019, doi: 10.3390/electronics8121461.

[20] A. L. Goldberger et al., “PhysioBank, PhysioToolkit, and PhysioNet,” Circulation, vol. 101, no. 23, Jun. 2000, doi:
10.1161/01.CIR.101.23.e215.

[21] S. Raschka, Python machine learning equation reference. Birmingham, UK: Packt Publishing, 2016.

[22] R. K. Begg, M. Palaniswami, and B. Owen, “Support vector machines for automated gait classification,” IEEE Transactions on
Biomedical Engineering, vol. 52, no. 5, pp. 828-838, May 2005, doi: 10.1109/TBME.2005.845241.

[23] U. Sunarya et al., “Feature analysis of smart shoe sensors for classification of gait patterns,” Sensors, vol. 20, no. 21, Nov. 2020,
doi: 10.3390/520216253.

[24] H. Matsumoto, S. Okada, T. Wang, and M. Masaaki, “Sleep stage estimation using ECG,” in 2020 IEEE International Conference
on Bioinformatics and Biomedicine (BIBM), Dec. 2020, vol. 50, pp. 2983-2983., doi: 10.1109/BIBM49941.2020.9313279.

[25] M. Abdollahpour, T. Y. Rezaii, A. Farzamnia, and S. Meshgini, “Sleep stage classification using dempster-shafer theory for
classifier fusion,” in 2018 IEEE International Conference on Artificial Intelligence in Engineering and Technology (IICAIET), Nov.
2018, pp. 1-4., doi: 10.1109/IICAIET.2018.8638445.

[26] S. Yu, X. Chen, B. Wang, and X. Wang, “Automatic sleep stage classification based on ECG and EEG features for day time short
nap evaluation,” in Proceedings of the 10th World Congress on Intelligent Control and Automation, Jul. 2012, pp. 4974-4977., doi:
10.1109/WCICA.2012.6359421.

[27] M. Dursun, S. Gunes, S. Ozsen, and S. Yosunkaya, “Comparison of artificial immune clustering with fuzzy C-means clustering in
the sleep stage classification problem,” in 2012 International Symposium on Innovations in Intelligent Systems and Applications,
Jul. 2012, pp. 1-4., doi: 10.1109/INISTA.2012.6246976.

BIOGRAPHIES OF AUTHORS

Lyra Vega Ugi B4 P is a current Master student in Electrical Engineering
Department at Telkom University, Indonesia. She received the bachelor’s degree of
Telecommunication Engineering in 2015 from school of Electrical Engineering, Telkom
University, Indonesia. Her research interest includes signal processing and machine
learning. She can be contacted at email: lyraugi@student.telkomuniversity.ac.id.

Bulletin of Electr Eng & Inf, Vol. 11, No. 4, August 2022: 2033-2043


https://orcid.org/0000-0003-0493-7223
https://scholar.google.co.id/citations?hl=en&user=1RO2PTUAAAAJ
https://publons.com/researcher/5302391/lyra-ugi/publications/

Bulletin of Electr Eng & Inf ISSN: 2302-9285 O 2043

Fiky Yosef Suratman RIE® (Member, IEEE). He received the bachelor’s degree
in engineering physics and the master’s degree from the School of Electrical and
Informatics (STEI), Institut Teknologi Bandung, Bandung, Indonesia, in 1998 and 2006,
respectively, and the Dr. -Ing. degree from the Technische Universitaet Darmstadt (TU-
Darmstadt), Darmstadt, Germany, in 2014. He has been the Head of the Department of
Electrical Engineering, Telkom University, since 2014. His research interests include
statistical signal processing, radar signal processing, and machine learning. Dr. Suratman
is currently a member of the IEEE Signal Processing Society. He is also the Chairman of
the Signal Processing Society (SPS)’s Indonesia Chapter. He was awarded the scholarship
from the German Academic Exchange Service (DAAD) to continue his Dr. -Ing. degree.
He can be contacted at email: fysuratman@telkomuniversity.ac.id.

Unang Sunarya Bl P is a current Ph. D student in Computer Engineering
Department at Kwangwoon University, South korea. He received Diploma degree from
Bandung State Polytechnic (POLBAN) in 2006, bachelor’s degree (2009) and master’s
degree (2012) from Telkom University, Indonesia. His research interest includes machine
learning, robotics, and signal processing. He can be contacted at email:
unangsunarya@telkomuniversity.ac.id.

Electrocardiogram feature selection and performance improvement of sleep stages ... (Lyra Vega Ugi)


https://orcid.org/0000-0003-4212-5242
https://scholar.google.com/citations?user=tkOrQacAAAAJ&hl=en
https://www.scopus.com/authid/detail.uri?authorId=36626494700
https://publons.com/researcher/4149119/nasreen-badruddin/
https://orcid.org/0000-0002-4105-5118
https://scholar.google.co.id/citations?user=3fSHe4oAAAAJ&hl=en
https://www.scopus.com/authid/detail.uri?authorId=56411976400
https://publons.com/researcher/4637704/unang-sunarya/

