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Abstract—Random forest (RF) helps to solve problems such
as the detection of sleep apnea (SA) by constructing multiple
decision trees, but there is no definite rule for the selection of
input features in the model. In this paper, we propose a SA
detection method based on fuzzy C-mean clustering (FCM) and
backward feature rejection method, which improves the
sensitivity and accuracy of SA detection by selecting the optimal
set of features to input to the random forest model. Firstly, FCM
clustering is performed on the RR interval features of ECG
signals, and then the backward feature rejection method is used
to combine the intra-cluster tightness, inter-cluster separation
and contour coefficient metrics to eliminate redundant features
to determine the optimal feature set, which is then inputted into
the RF to detect SA. The experimental results of this method on
Apnea-ECG database data show that the SA detection accuracy
is 88.6%, sensitivity is 90.5%, and specificity is 85.5%, and the
algorithm can adaptively select a smaller number of more
discriminative features through FCM to reduce the input
dimensions and improve the accuracy and sensitivity of the RF
model for sleep apnea detection.

Keywords—Sleep apnea; fuzzy c-means; backward feature
elimination method; random forest

. INTRODUCTION

Sleep apnea (SA) leads to nocturnal hypoxia and
hypercapnia, which makes elevated blood pressure and heart
rate [1], and may lead to cardiovascular diseases such as
hypertension, coronary artery disease, and cardiac arrhythmia,
and even cause serious consequences such as heart failure and
sudden death [2-3]. Studies have shown that SA is also
associated with neurological disorders such as Alzheimer's,
Parkinson's disease and depression. Owen, et al. first identified
Alzheimer's-like amyloid plaques in the brains of people who
are clinically proven to have obstructive SA [4]. Patients with
SA in middle age are more likely to develop Alzheimer's
disease in old age [5]. Parkinson's disease patients have
degeneration in the brain stem area that controls breathing,
which can cause reduced respiratory muscle function, and
sleep-disordered breathing. Yang, et al. propose a method to
detect Parkinson's disease and predict disease severity by
breathing at night [6]. SA can also cause neurasthenia, which
affects the classification of autistic patients using
electroencephalography [7]. Therefore, timely, accurate and
convenient detection of SA is of great significance.

Scholars have carried out a lot of exploration and research
in SA monitoring. Tagluk, et al. proposed a SA detection
method based on wavelet transform and artificial neural
network [8], which utilizes multi-resolution wavelet transform
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to decompose the abdominal breathing signal into multiple
spectral components, and these spectral components are
inputted into the artificial neural network to classify the SA
condition of patients. However, detecting abdominal breathing
often requires the use of larger devices, which impacts the
patient's daily life. Mendez, et al. investigated a method for
detecting SA based on empirical mode decomposition (EMD)
and wavelet analysis (WA) of ECG signals [9], whereby
features are extracted from the decomposition results, a heart
rate variability time-domain measure and three additional
nonlinear measures are used as inputs to a linear discriminant
classifier. However, this method requires lot input feature
parameters and complex computational model, thus the
robustness needs to be improved. Iwasaki, et al. analyzed the
adjacent R-wave intervals in the ECG signals and used a long
and short-term memory model to detect SA [10]. Urtnasan, et
al. proposed a deep learning architecture based on a
convolutional neural network using a single-lead ECG signal
for SA classification [11]. However, such deep learning models
usually require multiple experiments to get the algorithm
parameters and lack of interpretability.

Among the commonly used machine learning algorithms,
the random forest (RF) algorithm has been widely used in
biomedical signal processing due to its ability to handle high-
dimensional data, capture nonlinear relationships, reduce the
risk of overfitting, and possess the advantages of noise
immunity [12-13]. The RF algorithm can also help to solve the
problems of signal classification and anomaly detection [14-
15]. However, the RF algorithm has no definite rules for input
features selection. Although the algorithm itself measures the
contribution of each feature by means of feature importance
assessment [16], this is only a relative metric, which does not
reflect which features are absolutely important and should be
selected. Selecting appropriate features is a relatively
subjective process that depends on the specific dataset and
problem domain [17].

To address the problem of how to select appropriate input
features, this paper proposes a SA detection method based on
Fuzzy C-means clustering (FCM) and backward feature
rejection method, which selects appropriate input features
through FCM clustering index, reduces the dimensionality of
the input features, reduces the complexity of model training
and prediction, and avoids too much noise and irrelevant
information from causing model Interference. Feature selection
allows the model to focus more on important features, thus
better capturing patterns and relationships in the data and
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improving the accuracy and sensitivity of the RF model for SA
detection.

The focus of this paper is to improve the random selection
process of input features in the traditional RF method. FCM
was applied to the input features, and the index of intra-cluster
tightness, inter-cluster separation and contour coefficient of the
samples were calculated. Combined with the method of reverse
feature elimination, redundant features are eliminated to
determine the optimal selection. Better classification accuracy
of SA can be obtained by using only a small number of distinct
features. The structure of this paper is as follows: Section Il
describes the data set and the method used in this paper,
Section 111 is the experimental results and analysis, Section IV
is the discussion, and Section V is the conclusion.

Il.  MATERIALS AND METHODS

A. Datasets

Apnea-ECG database [18]: the database consists of 70
records divided into a training set containing 35 records (a0l to
a20, b01 to b05 and c01 to c10) and a test set of 35 records
(x01 to x35). The individual records in the database range in
length from seven to ten hours and are sampled at a frequency
of 100 Hz. Each record consists of the ECG signal, a set of
manual apnea annotations and a set of machine-generated QRS
annotations. In addition, eight records (a0l to a04, b01, and
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c01 to c03) were accompanied by four additional signals: chest
and abdominal respiratory signals obtained using respiratory
inductive plethysmography, oronasal airflow and oxygen
saturation recorded with nasal thermistor.

B. Extracting ECG Signal Features

SA causes changes in the autonomic nervous system and
cardiovascular regulation, leading to prolongation or
shortening of the RR interval [19]. In this paper, the Pan-
Tompkins algorithm was adapted to identify QRS wave
clusters [20], and the RR interval was determined by the time
difference between adjacent R peaks, and the feature
information was extracted from the RR interval sequence.

QRS wave detection; the raw ECG signals were processed
in one-minute segments according to the annotation file. Per-
segment SA detection determines whether each one-minute
segment is SA or normal, and it is an important basis for SA
diagnosis in suspected patients [21]. Band-pass filtering,
differential amplification, squaring operation, moving window
integration and threshold detection were performed on each
segment using the Pan-Tompkins algorithm to locate the R-
wave, as shown in Fig. 1.

Feature extraction: combined with the results of literature
[22-23], we per-formed feature extraction on the obtained RR
intervals as shown in Table I.
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Fig. 1. QRS wave detection of ECG signals.
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TABLE I. LIST OF RR INTERVAL FEATURES
No Feature Description
1 N
AVRR = —Z RR; 1
1 AVRR N = J O
The average of all RR intervals.
N
SDRR = |—— Z(RR -RR)"
2 | SDRR CN-1 4 s @
=
The standard deviation of all RR intervals.
N-1
1 2
RMSSD = N=T Z(mej+1 —-RR;)" (3)
3 RMSSD j=1
The root mean square value of the difference
between all neighboring RR intervals.
. PRR PRR = max(RR;+ RR,- ...~ RR;) (4)
The peak value of all RR Intervals.
NN50
PNN50 = T 100 5)
5 PNN50 Percentage of the number of heartbeats where the
difference between two neighboring RR intervals
is greater than 50ms.
dif f(AVRR
KRR = L (6)
6 KRR dif f(SDRR)
The degree of bias and kurtosis of the RR interval
signal.
1 N
—\2
; SDHR SDHR = - Z(ao/RRj —-HR)" (D)
=
The standard deviation of heart rate.
LFHFRatio = LF 8
LHFHRati e HE @
8 atio LF: Total power of 0.04 to 0.15Hz; HF: Total
power of 0.15 to 0.4Hz.

C. Determining the Best Subset of Features

There is redundancy among the RR interval features, which
affects the accuracy of classification [24-25], therefore feature
selection is needed before classification. The backward feature
elimination method used in this paper is a kind of greedy
algorithm [26], which and obtains a feature set that has the
smallest number of features and the highest correct
classification rate. The specific process of the method is
described as follows:

Initialization: Determine the complete feature set
containing all features.

Random feature elimination: Randomly eliminate one
feature from the feature set to form a new feature set.

FCM feature clustering [27]: It make the new feature
sample into n fuzzy clusters X = {x;,x5,...,%,} .
Utilizing the fuzzy cluster’s degrees of membership
ranging from 0 to 1, iteratively optimize the objective
function S to find the minimum value.
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S(X,ug, Uy, oy u) = Xkoq Zic=1(vik)m(dik)2 ©)
(ui = Yk=1Wi) "Xy [ Xie=1(Wir)™
{ vy = 1/ By (GEyms

]
10
Y v =1 (10)
| 0<vy <1
\ dye = 1% — uqll

u;denotes the clustering centroid of the ith class; vy,
denotes the degree of membership between the kth
sample and the ith class; d;, denotes the euclidean
distance between the center of the ith class and sample

k. Compare the degree of membership vand v >+,

if v — v{P|| < & (the given sensitivity threshold),
it means that the objective function S has reached the
minimal value, and the final clustering result has been
obtained; otherwise, continue iterating until the
convergence condition is satisfied.

Calculate the clustering metrics: calculate the average
intra-cluster compactness (AIC), average inter-cluster
separation (AIS) and average silhouette coefficient
(ASC) for each cluster.

AIC indicates the degree of compactness of the sample
points within the FCM clusters. The lower the value,
the more compact the sample points within the clusters.

AIC =+ XK, (0D,
1 PR
IC=-—*¥;d(,))

Where N is the number of samples in the cluster, K is
the number of clusters, and d(i,j) is the distance
between the ith sample and the jth sample, and IC
denotes the average distance of each data point to the
clustering center.

(1)

AIS measures the separation between different clusters,
and higher values indicate higher separation between
different clusters, clearer boundary between clusters.

AlS = = 3K (IS),
2 (12)

IS N, d(Ci, )

= *
K(K-1)

Here, d(Ci, Cj) is the distance between the center of the
ith cluster and the center of the jth cluster, and IS
denotes the average distance between two clustering
centers.

AIS measures the separation between different clusters,
and higher values indicate higher separation between
different clusters, clearer boundary between clusters.

_1owem ISM-IC0)
ASC = M Lz max{Is(i),I1c(i)}

(13)
Here, M is the total number of samples, IS (i) average

distance between sample point i and all the samples in
the nearest cluster, and IC(i) denotes the average
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distance between sample point i and the other samples
within the same cluster.

Determine the best feature subset: It compare the
clustering metrics before and after the removal of
features, if the metrics after the removal of features are
increased, then continue to perform steps (2) ~ (4);
otherwise, keep the feature. Go through remaining
features until all the corresponding metrics are reduced,
then stop the search process and determine the set of
features before removal as the best feature subset.

The overall flow chart of the backward feature
elimination method is shown in Fig. 2.

D. Detecting Sleep Apnea

The best feature subset determined from the last step was
used as input to the RF classifier, and the classification
accuracy of SA was calculated using the 10-fold cross
validation method and the confusion matrix.

Extraction of the best feature subset. From the best
feature subset D, n samples (sub-training set) are drawn
randomly with put-back to form a new training set as
samples at the root node of the decision tree. The
remaining samples form the out-of-bag dataset (OOB)
as the final test set.

Attribute selection. Assume each sample has M
attributes, m attributes are randomly selected from these
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M attributes when each node of the decision tree needs
to be split (where m is less than M).

Calculate the Gini index and node splitting. Assume A
is an attribute of data set D. Attribute A has k different
values {a;, ay, ...a;}. Under the condition A = a;(j =
1,2, ..., k), the dataset D is partitioned into two parts D,
and D,, and the Gini index of this partition is:

Gini(D,A = a;) =20 (1 - Zm (@)2) ploal g
i=1

> ae

Select the attribute with the smallest Gini index and its
corresponding splitting node as the optimal attribute
and optimal splitting node, generate two child nodes,
and distribute the remaining training data into the two
child nodes.

Construct a random forest. Repeat step (3) in the sample
subset of each child node, and recursively perform node
splitting until all leaf nodes are generated; repeat (2) to
(4) to obtain k different decision trees.

Sleep apnea detection. Each decision tree performs a
10-fold cross validation calculation for each piece of
data in the test set, and the category with the most votes
in k classification results is the final category for that
sample.

Initial subset of features

!

Random eliminating

one of the features

|

Eliminate this feature to
form a new set of features

Calculation of FCM
clustering metrics

all increase

Whether the values of
the clustering metrics

Stop eliminating the feature
Keep the current feature set

traversed

Whether all features are

Determine the best
subset of features

Fig. 2. Flowchart of backward feature elimination method.
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E. Evaluation Criteria

The performance of the method was evaluated by
calculating the metrics of accuracy, sensitivity and specificity
for SA detection through a confusion matrix.

TP+TN

Aceracy = o rrr (15)
Sensitivity = P (16)
Specificity = e a7

Where TP denotes the number of true samples classified as
positive (true positive); TN denotes the number of true samples
classified as negative (true negative); FP denotes the number of
false samples classified as positive (false positive); and FN
denotes the number of false samples classified as negative
(false negative).

IIl.  RESULTS

In this paper, 70 records from the Apnea-ECG database are
used as experimental samples, and each ECG signal of these
records is segmented into one-minute segment by annotation
file. The RR interval features of ECG signals are extracted by
Pan-Tompkins algorithm. The best subsets of features are
selected using the backward feature elimination method as:
AVRR, RMSSD, PRR and KRR.
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In Fig. 3, by visualizing the membership matrix U, the
membership distribution of the data points between the clusters
before and after the removal of features are illustrated. The
data membership distribution in Fig. 3(a) is more centralized,
and the feature points have fuzzy attribution relationships
among multiple clusters, which make it difficult to be clearly
classified into specific clusters. In contrast, the distribution of
data membership in Fig. 3(b) is more dispersed, and the
attribution of feature points is more explicit and differentiated.

Features with greater divergence are more favorable, since
they allow the classifier capture and represent the characteristic
patterns of different types of SA events with higher accuracy.

The average intra-cluster tightness, average inter-cluster
separation, and average contour coefficient were calculated
before and after the removal of the features, and the two sets of
features were input into RF classifier to evaluate the SA
detection accuracy, as shown in Table II, respectively:

The above four RR period features were matched with
apnea labels to reconstruct the database as input to the RF
classifier, and the classification accuracy of SA detection is
calculated using the 10-fold cross validation method and the
confusion matrix. The performance comparison with existing
studies using the Apnea-ECG dataset is given in Table III.
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Fig. 3. Visualization results of the affiliation matrix of RR interval features.

TABLE II. COMPARISON OF CLUSTERING METRICS AND SA CLASSIFICATION PERFORMANCE BEFORE AND AFTER FEATURE REMOVAL
Subset of features Feature number AlIC AIS ASC Acc (%) | Sen (%) | Spe (%)
Features before elimination 8 98.42 232.65 0.58 87.7 89.1 85.3
Features after elimination 4 190.44 816.17 0.77 88.6 90.5 85.5
TABLE Il COMPARISON OF SA DETECTION ACCURACY OF DIFFERENT METHODS
Method Feature number Acc (%) Sen (%) Spe (%)
WA+HT [9] 40 90.5 84.9 93.7
EMD+RAS [9] 20 88.9 80.6 94.4
MLP [28] 18 81.4 74.3 85.7
SVM [29] 11 85.6 79.1 88.9
Proposed method 4 88.6 90.5 85.5
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IV. DISCUSSION

As shown in Table II, the feature clustering metrics are all
increased by using backward feature elimination, indicating
that the optimal feature subset has greater variability and
differentiation, which is consistent with the visualized
membership matrix in Fig. 3 Inputting the features after
elimination to the RF classifier yields a classification with
higher accuracy, sensitivity, and specificity, it is shown that the
method adaptively removes irrelevant features and reduces the
dimensionality of the input features so that the RF classifier
can better capture patterns and relationships in the data and
improve the accuracy of the detection of SA.

Table III compares the SA detection results of different
methods. Although the method based on WA and Hilbert
transform can achieve the detection accuracy of up to 90.5%,
the number of features used in it is as high as 40, which
undoubtedly increases signal pre-processing process and the
overall algorithm complexity. The methods based on EMD and
redistributed spectra require half the number of features to
achieve similar results, indicating that the nonlinear features
calculated by the former do not play an important role in
classification [9]. The number of hidden layers and neurons in
the Multilayer Perceptron classifier depends on experience, and
the detection accuracy of sleep apnea is only 81.4%. Support
Vector Machine also has problems with optimization of
regularization coefficient and kernel function parameters.
Compared with the above method, the number of features used
by SA is the least, but the detection performance is not ideal.

Under the same dataset, the accuracy of our method for SA
detection is 88.6%, sensitivity is 90.5% and specificity is
85.5%. It outperforms other existing methods in terms of
sensitivity, high sensitivity means that the model can detect as
many true apnea events as possible, reducing the possibility of
underreporting, and is comparable to WA and EMD methods
in terms of accuracy. This method reduces the computation and
storage requirements by selecting fewer and more
discriminative features using the FCM method. Moreover, it
improves the model's sensitivity to key information and
enhances the robustness of the model.

The discussion and evaluation of proposed algorithm on
different data sets will be carried out in the future. Driving by
the need of integrating the algorithm into wearable devices,
how to further improve the running speed and efficiency of the
algorithm is our improving direction.

V. CONCLUSION

In this paper, an improved RF-based SA detection method
is proposed. FCM and backward feature elimination method
are used to select the RR interval features of ECG signals. And
a small number of the best feature subsets with obvious
differences are obtained as inputs to the RF classifier, which
improve the sensitivity of the RF model to key information and
obtain a better SA detection accuracy.

REFERENCES

[1] Q. M. Sun, L. Xing, C. Wang, W. Liang, “Cardiopulmonary coupling
analysis predicts early treatment response in depressed patients: A pilot
study”, Psychiatry. Res, 2019, 276, 6-11, DOIL:
10.1016/j.psychres.2019.04.002.

(2]

(3]

(4]

(5]

(6]

(7]

(8]

(9]

[10]

(11]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

Vol. 14, No. 11, 2023

A. B. Newman, F. J. Nieto, U. Guidry, “Relation of sleep-disordered
breathing to cardiovascular disease risk factors: the Sleep Heart Health
Study”, Am. J. Epidemiol, 2001, 154(1), 50-59, DOL:
10.1164/ajrccm.163.1.2001008.

A. Abdullah, S. Nithya, M. Mary Shanthi Rani, S. Vijayalakshmi, B.
Balusamy, “Stacked LSTM and Kernel-PCA-based Ensemble Learning
for Cardiac Arrhythmia Classification”, Int. J. Adv. Comput. Sci. Appl,
2023, 14, 9, DOI:10.14569/1JACSA.2023.0140905.

O. M. Bubu, A. G. Andrade, O. Q. Umasabor-bubu, “Obstructive sleep
apnea, cognition and Alzheimer's disease: A systematic review
integrating three decades of multidisciplinary research”, Sleep. Med.
Rev, 2020, 50, 101250, DOI: 10.1016/j.smrv.2019.101250.

J. E.Owen, B. Benediktsdottir, E. Cook, I. Olafsson, T. Gislason, S.R.
Robinson, “Alzheimer's disease neuropathology in the hippocampus and
brainstem of people with obstructive sleep apnea”, Sleep. 2021, 44(3),
zsaal95, DOI: 10.1093/sleep/zsaal95.

Y. Z. Yang, Y. Yuan, G. Zhang, “Artificial intelligence-enabled
detection and assessment of Parkinson’s disease using nocturnal
breathing signals”, Nat. Med. 2022, 28, 2207-2215, DOI:
10.1038/541591-022-01932-x.

L. Y. Wu, “Classification of Coherence Indices Extracted from EEG
Signals of Mild and Severe Autism” , Int. J. Adv. Comput. Sci. Appl,
2023, 14,9, DOI: 10.14569/1JACSA.2023.0140903.

M. E. Tagluk, N. Sezgin, “Classification of sleep apnea through sub-
band energy of abdominal effort signal using Wavelets + Neural
Networks”, J. Med. Syst, 2010, 34(6), 1111-1119, DOI:
10.1007/s10916-009-9330-5.

M. O. Mendez, J. Corthout, S. V. Huffel, T. Penzel, S. Cerutti, A. M.
Bianchi, “Automatic screening of obstructive sleep apnea from the ECG
based on empirical mode decomposition and wavelet analysis”, Physiol.
Meas, 2010, 31(3), 273-289, DOI: 10.1088/0967-3334/31/3/001.

A. Iwasaki, C. Nakayama, K. Fujiwara, Y. Sumi, M. Matsuo, M. Kano,
H. Kadotani, “Screening of sleep apnea based on heart rate variability
and long short-term memory”, Sleep Breath, 2021, 25(4), 1821-1829,
DOI: 10.1007/s11325-020-02249-0.

E. Urtnasan, J. U. Park, K. J. Lee, “Multiclass classification of
obstructive sleep apnea/hypopnea based on a convolutional neural
network from a single-lead electrocardiogram”, Physiol Meas, 2018,
39(6), 065003, DOI: 10.1088/1361-6579/aac7b7.

L. Breima, “Random Forests”, Mach. Learn, 2001, 45, 5-32, DOI:
10.1023/A:1010933404324.

X. F. Lv, J. B. Li, “A Method of Detecting Apnea Using Random
Forest”, Beijing Youdian Daxue Xuebao, 2020, 43(5), 64-70, DOI:
10.13190/j.jbupt.2019-255.

Y. L. Niu, J. Liu, Y. D. Zhu, X. Li, J. Li, F. L. Feng, “Sleep apnea
detection method based on heart rate variability signal”, Shaanxi Shifan
Daxue Xuebao (Ziran Kexueban), 2020, 48(6), 26-32, DOI:
10.15983/j.cnki.jsnu.2020.02.033.

F. Hajipour, M.J. Jozani, Z. Moussavi, “A comparison of regularized
logistic regression and random forest machine learning models for
daytime diagnosis of obstructive sleep apnea”, Med. Biol. Eng. Comput,
2020, 58(10), 2517-2529, DOI: 10.1007/s11517-020-02206-9.

T. Y. Cao, “Study on the Importance of Variables Based On Random
Forest”, Stat. decis, 2022, 38(4), 60-63, DOl:
10.13546/j.cnki.tjyjc.2022.04.011.

D. J. Yao, J. Yang, X. J. Zhan, “Feature selection algorithm based on
random forest”, Jilin Daxue Xuebao (Gongxueban), 2014, 44(1), 137-
141, DOI: 10.13229/j.cnki.jdxbgxb201401024.

T. Penzel, G. B. Moody, R. G. Mark, A. L. Goldberger, J. H. Peter, “The
Apnea-ECG Database”, Comp. cardiol., 2000, 27, 255-258, DOI:
10.1109/CIC.2000.898505.

R. W. Logan, C. Mcclung, “A Rhythms of life: circadian disruption and
brain disorders across the lifespan”, Nat. Rev. Neurosci, 2019, 20(1), 49-
65, DOI: 10.1038/s41583-018-0088-y.

J. Pan, W. J. Tompkins, “A real-time QRS detection algorithm”, IEEE
Trans Biomed Eng, 1985, 32(3), 230-236, DOI:
10.1109/TBME.1985.325532.

599 |Page

www.ijacsa.thesai.org



[21]

[22]

[23]

[24]

(IJACSA) International Journal of Advanced Computer Science and Applications,

M. Sakuna, K. Mekhora, W. Jalajondeja, C. Jalajondeja, “Breathing
retraining with chest wall mobilization improves respiratory reserve and
decreases hyperactivity of accessory breathing muscles during
respiratory excursions: A randomized controlled trial”, Acta. Bioeng.
Biomech., 2020, 22, 153-159, DOI: 10.37190/ABB-01641-2020-03.

T. Wang, C. Lu, G. Shen, “Detection of Sleep Apnea from Single-Lead
ECG Signal Using a Time Window Artificial Neural Network”, Biomed.
Res. Int., 2019, 2019, 9768072, DOI: 10.1155/2019/9768072.

A. 1. Sharaf, “Sleep Apnea Detection Using Wavelet Scattering
Transformation and Random Forest Classifier”, Entropy, 2023, 25(3),
399, DOI: 10.3390/e25030399.

H. K. Zhang, Y. Z. Cheng, T. Y. Zhang, “Research on ambulatory
arterial stiffness index estimation using random forest model”, J.
Biomed. Eng. Res., 2022, 41(1), 55-61, DOI: 10.19529/j.cnki.1672-
6278.2022.01.09.

[25]

[26]

[27]

(28]

[29]

Vol. 14, No. 11, 2023

J. J. Lu, “Classifying Model of Ancient Glass Products Based on
Ensemble Feature Selection and Random Forest”, J. Chin. Ceram. Soc,
2023, 51(4), 1060-1065, DOI : 10.14062/j.issn.0454-5648.20220790.

D. Wang, C. N. Liu, Y. Zeng, T. Tian, Z. Sun, “Dryland Crop
Classification Combining Multitype Features and Multitemporal Quad-
Polarimetric RADARSAT-2 Imagery in Hebei Plain, China”, Sens.,
2023, 44(3), 222-232, DOI : 10.3390/521020332.

E. H. Ruspini, “Numerical methods for fuzzy clustering”, Inf. Sci., 1970,
2(3), 319-350, DOI: 10.1016/S0020-0255(70)80056-1.

Y. D. Zhang, Y. Sun, P. Phillips, G. Liu, X. X. Zhou, S. H. Wang, “A
"Multilayer Perceptron Based Smart Pathological Brain Detection
System by Fractional Fourier Entropy”, J. Med. Syst., 2016, 40(7), 173,
DOI: 10.1007/s10916-016-0525-2.

L. Almazaydeh, K. Elleithy, M. Faezipour, “Obstructive sleep apnea
detection using SVM-based classification of ECG signal features”,
Annu. Int. Conf. IEEE. Eng. Med. Biol. Soc, 2012, 4938-4941, DOI:
10.1109/EMBC.2012.6347100.

600|Page

www.ijacsa.thesai.org



