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Abstract

Sleep is a physiological phenomenon and a sufficient amount of sleep is mandatory for
a human for his/her health. The aim of the paper is to develop an efficient algorithm to
detect the various sleep states by combining different biomedical signals. The novelty of
the algorithm is that we used two piecewise linear data reduction techniques namely a
new Halfwave method in time domain and Franklin transformation in frequency domain.
The obtained two piecewise linear forms of signals have low complexity that still preserve
the characteristics of the stages of the sleep in the signals. The components of the feature
vector are generated from the parameters of the two reduced piece wise linear functions.
Algorithm is tested on MIT-BIH Polysomnographic Database having more than 70 hours
long term EEG, blood and nasal signals with six different sleep classes. Proposed method
shows better performance in terms of average Sensitivity, Specificity, Accuracy and False
Alarm Rate/hour than state of the art methods.

keywords: Sleep states, Halfwave, Faber Schauder, Franklin system, K-Nearest Neighbor, ADASYN,
EEG, Blood, Nasal signal

1 Introduction

Sleep is a significant part of person’s life and individuals used to sleep one-third of their entire
life. Our research is motivated by the fact that there are large number of disorders like insomnia,
breathing disorders, wake-sleep disorder sleep movement disorder found in human beings. Every
sleep state has different group of neurological and physiological features. The correct identification
of these features along with their states are important for diagnosis and the better treatment
for such sleep disorders [1]. Sleep classification process is not a standardized one, i.e. different
experts have different criteria to mark a specific period of sleep. Usually sleep scientists make
classifications by using visual method to predict or decide in which state the patient is for a
specific time [2]. Around 24% of the adult population have regular sleep disorders. Ohayon and
Smirne [3] shown 27.6% of the Italian population have sleep problem. Gupta et al. [4] shown
Indian population have 10-15% insomnia and 10% delayed sleep wave phase disorder. Worldwide
this problem is increasing day by day and according to Oliver et al. [5] this problem costs around
$100 billion USD per year. According to R&K [6] rules sleep is categorized into six categories,
REM, sleep stagel, stage2, stage3, stage4 and wake state. Later on NRME2 and NRME3 are
also combined resulted as just four main classes namely light sleep, Deep sleep REM and Awake
state [7]. In the proposed method the implementation of Faber Schauder system with Halfwave is
justified because Faber-Schauder system and Halfwave decomposition both are linear piecewise
systems and the discrete version of the biomedical signals is also piecewise linear [8],[9],[10]. For
accurate diagnosis of sleep phases, whole duration recordings of the selected biomedical signals
needs an expert manual scoring for sleep stages using some standards, which is time consuming
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and manual scoring looks impossible for long recorded biomedical signals. Therefore, there is
a need for automatic sleep phase detection to reduce cost and to increase access to diagnosis
sleep stages. Usually, six EEG wave patterns are used to differentiate wake and sleep states
and classify sleep stages: (1) alpha activity, (2) theta activity, (3) vertex sharp waves, (4) sleep
spindles, (5) K complexes, and (6) slow wave activity [16],[11],[12],[1],[13],[14]. The main challenge
to automatic sleep phase detection is heterogeneity. This means means that people around the
world have different cranial structures which effect the patterns in the signal. For example 10
percent individuals don’t produce alpha rhythm during stage W (wake) and 10 percent create
just a constrained or limited alpha beat. This justifies the combination of other signals with
EEG ( (electroencephalograph) in order to improve the results. We extend our method [15],
originally developed and successfully applied for epilepsy seizure detection to the case of sleep
stage classification in EEG signals.

2 Database and channel selection

2.1 Database

MIT-BIH Polysomnographic Database, collected and described by Ichimaru et al. [17],[18] at
Boston’s Beth Israel Hospital Sleep Laboratory. It is open source database and is freely available
at (https://www.physionet.org/physiobank/database/slpdb/). It is a data collection from 16
subjects or patients whose average weight and age are 119kg and 43 years respectively. The
database contains over 80 hours’ long data of four (C3-O1), six (C3-Al), and seven (02-A1)
channel polysomnographic recordings, each with an ECG (Electrocardiogram) signal annotated
beat-by-beat, and EEG and respiration signals annotated with sleep states and apnea. Each
signal is divided into 20 and 30 sec long epoch and each epoch belongs to the one of the sleep
stages. The sampling rate of the measured signal is 250 Hz and 30 seconds duration of the EEG
and other signals are labeled by associated experts. Available standard databases usually contains
data of one type of signal like EEG, ECG etc. or combination of EEG, ECG. We used blood,
nasal and EEG signal in proposed method and we found that this is standard and long enough
database which containing blood, nasal and EEG signal, where we can test our proposed method.
In our research, due to some technical problem we are not able to read 3 records out of 18 records
hence, we performed our tests only on remaining 15 records from 13 different patients shown in
table 4, 5 and 6.

2.2 Channel Selection

The channel selection is one of the most challenging tasks in sleep state detection and prediction
algorithms. Considering of large number of channels will make signal processing system compu-
tationally slow. In proposed method we used data from only one channel given by the database
experts. In the given database mentioned above, the experts collected the data from different
biomedical signals by using only one channel and the channel selection varied from patient to
patient and signal to signal (i.e no one fixed channel is used for all patient). The author of the
database did not provide any more description about the channel selection process.Thus data
with us is available only from one channel leaving no options for channel selection. In [15] we
proposed a novel approach for channel selection for seizure detection and we planned to test the
same approach here too , which is now not possible. In the future work we may test our method
on the database which contains data from the different channels.
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3 Proposed method

The study done by Shayan et al. [16] suggests various disadvantages of the existing studies.
The study motivate the researcher to do research by using some adaptive methods. Our focus
is to increase the speed as well as accuracy of sleep states detection process as compared to
the existing methods. Proposed method is a so called hybrid one, i.e. we utilize both time and
frequency domains to extract components for the feature vector. The main idea is to use the
piecewise linear function model for data reduction in time and frequency domain. Piecewise
linear functions are of low complexity that still preserve the characteristics of the signal that
are relevant in context of stages of the sleep. To this order we took the so called Halfwave
method and modified it according to our need. The called frequency space is generated by
Franklin transformation. The Franklin system an orthogonal system which is strongly related
with the well-known Haar system, and its elements piecewise linear functions. Then the feature
vector elements are generated from the piecewise linear models in both domains. We applied this
technique for synchronized EEG, blood pressure, and respiratory signals.

5

LY A Feature selection

EEG/Blood/nasal Select the Channels : Halfwave/Franklin system Classification
— i Single — and Franklin — Feature l

Signal Acquisition Channel Class balancing methods Coefficients

Vector

Predicted

Figurel: Framework of proposed method Ica';sesl

4  Methodologies Used

In proposed method we developed two piecewise linear time domain and frequency domain models
called new Halfwave decomposition [8] and Faber-Schauder (Franklin) [9],[10] system to extract
the best discriminatory features from three biomedical signals. In literature survey we have found
that recent research in signal processing is surrounding around very famous transformations like
wavelets, EMD, Fourier, Hilbert and Fast Fourier etc. [19]. The framework of the proposed
algorithm is shown in figure 1.

4.1 Time domain: Halfwave method

Traditionally, from mid of 20" century to end of 20** century, Halfwave was very popular method
to detect epileptic activities (seizures) form the long EEG signals where the terms spikes and
sharp waves also called SSWs [8] were the representative or interpretations of seizure and non
seizure segments. Its main advantage is that normal and abnormal patterns of very long signals
can be examined and identified easily. Different versions of half-wave methods with different
criteria to define and identify Halfwave have been proposed and we asked the readers to follow
these relevant publications [8],[21],[22],[23],]24],]25],[26],[27],[28] to know more about Halfwave.
Our motivation differs from those above. Namely, we do not want to identify individual spikes.
Instead, e.g we take a portion or full EEG and other signals, then we consider it as a piecewise
linear function, and we want to simplify it by eliminating irrelevant details. To this purpose we
developed new half-wave method which is simple and fast. Existing method of Hlafwave is based
on three guiding principles [51] but proposed method is based on only one guiding principle out of
three. First we calculate the extremal points of the original signal, drop the other values, and take
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the piecewise linear function generated by the extremal points. Since the minimum-maximum
values alternate in the sequence of extremal points, the graph of the resulting piecewise-function
is a type of wave form. We find that in intervals when there is a tendency of increase the decrease
in the individual maxima-minima intervals are very small. They do not seem to contribute much
in sleep detection process. Therefore, their inclusion in the half-wave is not necessary and can be
dropped. Similar process is applied to opposite direction, i.e. when the signal shows a decreasing
tendency. In the proposed method we apply only one condition of existing method [51], which is
very simple, in the reduction process. After applying this condition the first time, the outcome
is again a piecewise linear-wave with less extremal points, and is called first level Halfwave
decomposition.The process can be repeated. It is easy to see that after some steps it will not
make any further change, i.e. the next level decomposition coincides with the previous one.
Then it is called final or complete Halfwave, and the previous versions are called semi-Halfwave
decompositions. When we move from lower to higher levels in half-wave decomposition we loose
more and more details. It is the part of the reduction problem to decide which level is the best
suitable for sleep detection.

Mathematical formalization of proposed Halfwave method:

Let us suppose, that the f: [a,b] — R signal is continuous on the [a,b] compact interval, and
suppose that f has finitely many extrema on [a, b]. Let us first collect the extrema points in two
sets:

My :={x € [a,b] : f has a local maximum in z},

my = {x € [a,b] : f has a local minimum in z}.

And let us denote the set of all extremal points by
X1 = M1 U mp = {£E071'1,£C2, e ,xn}
with
To<T1 <x2 <+ < xp (nEN),

such that minimum and maximum points are alternating.

In the kth step of the proposed algorithm (k = 1,2,3,...) we delete some extremal points
from My, my and X, and we will keep only the important extremal points to get the new sets
M1, mgq1 and X1 = M1 Umygyr. The algorithm will converge, i.e.

dK e N:Vk> K : My = Mg, mp = Mg,

but we will stop at a suitable iteration number k*.

One step of the proposed algorithm (deleting unwanted extrema) can be formulated as follows.
We start with My, my and Xy = My U my, with the elements of X indexed in ascending order,
as above. Now define

the extremal function values,
Ai =Yi+1 — Y (ZZO,,TL—l),

the differences between two consecutive extreme values (a minimum and a maximum), and

D:= {ieN:1<i<n-1
Al < JAipa| A A < Al U {n}
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the set of indexes of segments with not significant difference (less than both neighboring seg-
ments). To formulate the set of important extremal points we will use the strictly increasing
index function

v:{0,1,...,N} —={0,1,...,n}.

defined by v(0) = 0 and
vij+1)=v({)+2d+1(j=0,1,... N -1;deN),
such that

v(j)+2d+1¢ D,
v(j)+20+1€D(6=0,1,...,d—1).

(It will turn out that v(IN) =n). And then the set of important extremal points can be written
as
Xk+15:{$y(j)€Xk :j=0,1,...,N} C Xi.

As a consequence of the definition the values in X are alternatively minimum and maximum
points. Furthermore we can also formulate

M1 = Xpp1 N My,
Mgr1 = Xpr1 Nmyg

the sets of the new maximum and minimum values.

After the completion of first level, we will repeat the same procedure for the outcome
(My41,mpr1 and Xp41) of the first level to get signal at next level (level 2) and so on until
required level is found.

4.2 Frequency domain: Franklin transform

The frequency domain part in our hybrid classification is an orthogonal projection using a proper
orthogonal system. As we know our model space for the EEG and other signals is the family
of continuous piecewise continuous functions. In order to perform an orthogonal projection,
reduction in the frequency domain, that complies with our model we need an orthogonal system
that consists of continuous piecewise continuous functions. This guarantees that the subspace
spanned by the elements of the system is a subspace of our model space. The combination of
these requirements motivate us to consider the Franklin system as a natural choice.

Franklin system: The first example for an orthogonal basis in the space of continuous
functions Franklin system is constructed from the well known Haar system [29]. Integral Haar
functions is called Faber—Schauder system [9],[10]. Franklin functions are piecewise linear func-
tions. They follow the structure of the Haar system: the nodes are QL for the first 2™ elements. A
Franklin system is an orthogonal system of basis which is derived from Faber Schauder system of
basis by applying Gram-Schmidt orthogonal procedure [31],[32],[33] on Faber Schauder system.
The Franklin system has the same linear span as that of Faber Schauder systems and this span
is dense in C([0,1]), hence L?([0,1]) consists of continuous piecewise linear function.

5 Features Extraction and classification

5.1 Feature Extraction

In proposed method a hybrid approach is used to construct the final feature vector. Feature
vector is constructed from the three biomedical signals.The sampling rate of the measured signal
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is 250 Hz and 30 seconds duration of the EEG and other signals are labeled by associated experts
to categorize different states of the sleep.

Feature extraction in time domain : Halfwave method Biomedical experts annotated
the selected signals, where each and every segment of 30 sec long is marked with a specific sleep
state. Many other studies and methods cited here worked with a window size of 30 sec (7500
sample points) therefore, we also using the the same window size. By using new Halfwave method
we decomposed the signal up to level 2 only. The reason to use Halfwave up to level 2 is that
when we go deeper in the level in blood, nasal and EEG signals, the signals become so simple
that in some of the 30 sec long segments have only 1 extrema point from which we cannot extract
the desired features. In selected signals this type of situation occurs in very early levels because
the nature of the signals in case of the sleep states (slow activities less peaky) quite different than
seizure states (fast and peaky activities). Therefore we could not use the level as proposed in [15]
because the nature of signal is different. Thus, this is the advantage of Halfwave method that
we can customize the method based on the problems in hands. The time domain features used
here are: total number of extrema points, mean of the absolute values of the extrema points,
maximum of the absolute values of the extrema points, mazximum, of the absolute values of the
slopes, mean of absolute values of slopes and the last feature sum of the square of extrema points
which related to the energy of the signal are extracted. The reason of choosing these features
is that these are the simple and very common statistical features. Moreover, various studies and
surveys [15],[16],[19] also summarize that these are the best and are frequently used features
in time domain for the analysis of the different biomedical signals. In practice we extracted
number of statistical features in time domain and then an analysis has been made on these
features by using histograms [15]. We found that the selected 6 time domain features are the
best discriminatory features and their combination with selected Franklin coefficients gives better
results than any other combination as shown in table 1.

Feature extraction in frequency domain : Franklin Transformation In frequency
domain the segmentation of the signal by using rectangular window is little bit tricky. If we take
window size 30 sec long ( 5700 samples) then there is no linearity holds between any dyadic
rationals of the form K278(k = 0,...,256). Thus, 1 segment of 30 sec long with 7500 sample
points, needs to be re-sampled to 256 samples points so that linearity must hold between any
dyadic rationals of the form K2=8(k = 0, ...,256). But the problem with this drastic reduction
from 7500 to 256 samples is that, we may loose some important information. At this point of time
we are not able to give the solid justification for such drastic reduction from 7500 to 256 samples
except the linearity must hold between any dyadic rationals of the form K2-8(k = 0, ...,256),
but if we look at the comparisons of results with state of the art methods, then we believe
that proposed algorithm can be used in this way too. We are further working to enhance the
proposed algorithm and we hope in the future work we will have more improved results with
solid justification the way, the method we used (drastic reduction) here.We re-sampled the signal
by using resample() function of the matlab which is y = resample(z,p,q) where the function
resamples the sequence x at p/q times the original sample rate. The length of the result y is p/q
times the length of x. After applying the Franklin transformation on the selected segment we will
get 256 coeflicients. To find the best features out of 256 coefficients we made some combinations
(tablel) with selected time domain features and it is found that first 8 coefficients are the best
discriminatory features.

Final feature vector construction From three biomedical signals (EEG, blood, nasal)
we have three feature vectors where each feature vector is constructed by merging the 6 time
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domain and first 8 frequency domain features and this feature vector has a total of 14 features.
Halfwave reduction technique is applied on original nasal and blood signal and then same set
of 6 statistical features are extracted from each and every 30 sec long segment. Let V1, V2,
V3 and are the feature vectors extracted from EEG, blood and nasal respectively. Let F be the
final feature vector used for classification, therefore, then F= [V1 V2 V3|. Thus the final feature
vector used for classification here has 42 features. In this way the features from three biomedical
signals are merged. In the table 1, 6T means, six best time domain features and 8F = First Eight
Franklin coefficients. Final results with different set of classes are shown in table number 2, 3,
4,5 and 6 where training and Testing data is taken in the ratio of 60:40 respectively.

5.2 Classification

After the feature vector construction we applied the K-Nearest Neighbor algorithm (KNN) for
classification. We found from the various literature surveys that in some applications KNN per-
forms better in this task than other often used classification algorithms like Support Vector
Machine (SVM), Artificial Neural Network (ANN) etc. In this regard we agrees with the conclu-
sions of other authors mentioned in different studies. We note that the sets of sleep stages in the
databases are not balanced. This means that the numbers of tuples of different classes are signif-
icantly different. Therefore, before applying the classifier, the class imbalance problem needs to
be addressed otherwise results would be biased. In the proposed method we used an advanced
form of Synthetic Minority Over-Sampling Technique (SMOTE) [34] to address the issue of class
imbalance. It is called Adaptive Synthetic Sampling Approach for Imbalanced Learning [35].

Table 1: Feature selection using different combinations of the signals

Signal Class — pair Features Train&Test Sensitivity(%) Specificity(%) Accuracy(%)

Blood 4 671 + 16 F 60 — 40 91.02 97 91
Blood 4 67 + 16F 80 — 20 96.11 98.70 96.09
Blood 4 67T + 8F 80 — 20 96.03 98.67 96.02
Blood 4 67 + 8F 60 — 40 90.64 96.86 90.60
Resp 4 6T + 8F 60 — 40 91.11 97.05 91.15
Resp 4 671 + 8F 80 — 20 96.37 98.79 96.38
Resp 4 67 + 16F 60 — 40 90.87 96.98 90.97
Resp 4 67 + 16 F 80 — 20 96.15 98.72 96.17
EEG 4 67 + 8F 80 — 20 95.63 98.58 95.63

EEG 4 67 + 8F 60 — 40 90 96.7 90
EEG 4 671 + 16 F 80 — 20 90.64 96.86 90.60
Blood Resp EEG 4 6T + 8F 60 — 40 93.28 97.76 93.28
Blood Resp EEG 4 6T + 8F 80 — 20 97.28 99.09 97.27
Blood Resp EEG 4 67 + 16F 60 — 40 92.82 97.60 92.84
Blood Resp EEG 4 67 + 16 F 80 — 20 96.92 98.97 96.93
Blood Resp EEG 4 67 + 32F(114) 80 — 20 96.51 98.83 96.50
Blood Resp 4 67 + 16F(44) 80 — 20 96.71 98.99 96.77
Blood Resp 4 67T + 16F'(44) 60 — 40 92.37 97.45 92.37

6 Related Work

In the literature survey we studied number of sleep states detection techniques and we found
that recent research is focusing on dynamic parameters like correlation dimension, Lyponov
exponent, approximate entropy, mean, energy of the signal, slopes, etc. to extract comprehensive
information from non linear signals like EEG, blood and respiratory [36]. Originally the Halfwave
was used in seizure detection but new Halfwave method proposed by us can be used with Franklin
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transformation (a hybrid approach) [15] to detect epileptic seizures and sleep states classifications
in an efficient way by using different biomedical signals. We believe that this method with slight
modification in the parameters if needed can be useful to solve many problems in biomedical
field in an efficient way. Dihong et al. [37] used three biomedical signals like using EEG, EOG
and EMG and on an average, accuracy of 81.2% and a Cohen’s Kappa coefficient of 0.722 are
obtained under leave-one-subject-out cross validation. Nicola et al. [38] proposed single channel
automated detection of sleep states using EEG signals. Time domain and frequency domain
features are classified for four and two sleep stages separately with 90.81% 83.2% respectively.
They achieved an overall accuracy of 86.7%. Tripathy et al. [39] they used dispersion entropy and
the variance features from the different bands of EEG signal. The RR-time series features and
the EEG features feed to the deep neural network (DNN) to carry out the classification of sleep
stages. They achieved an average accuracy of 85.51%, 94.03% and 95.71% for the classification
of ‘sleep vs wake’, ‘light sleep vs deep sleep’ and ‘rapid eye movement (REM) vs non-rapid eye
movement (NREM)’ sleep stages. Silverira et al. [40] proposed a single channel method where
EEG signal is decomposed using wavelet transform. The features such as kurtosis, skewness
and variance of the wavelet coefficients are classified using random forest classifier and they
obtained an over all accuracy for 2 to 6 classes is 90%. Budak et al. [41] they proposed new
method to detect driver drowsiness.They decompose the signal using Q-factor wavelet transform
in sub-bands. The Spectrogram images of the obtained sub-bands and statistical features like
standard deviation of instanious frequencies are calculated. Features are classified by long-short
term memory (LSTM) for classification. They obtained an over all accuracy of 94.31 for awake
and drowsy (S1) state. Taran et al. [42] used Hermite functions as basis functions and the Hermite
coefficients are used as features to classify alertness and drowsiness states. With ELM (Extreme
Learning Method) their detection rate for alert and drowsiness are 95.45% and 87.92%. The over
all accuracy was 92.28%. A subject specific approach [43] where 12 features are extracted by
three methods namely, the heart rate variability (HRV), detrended fluctuation analysis (DFA)
and windowed DFA (WDFA). They reported an average accuracy of 79.99 and kappa coefficient
0.43. Another subject specific approach is mentioned in [44] where average accuracy are using
EEG is 76% and using ECG signals is 75%.

7 Experimental Results and Discussions

Tests were performed on 15 records (out of 18 records) and total duration of selected 15 long
term EEG, blood and nasal signals with six different sleep classes is more than 70 hours. First
we have optimized our method then we have carried out comparison tests. It turned out that
the proposed method shows better performance in terms of an average accuracy, sensitivity,
specificity, and False alarm rate/ hr than state of the art methods. The performance is evaluated

. . i s o TP

by the following metrics. Sensitivity = TrrN X 100
Specificity = % x 100
Accuracy = TP+1IN x 100

TN +FP + TP +FN

False alarms per hour (Fph)= the total number of false detection divided by the length of
the test data in hour.

where TP is true positive, TN is true negative, FN is false negative.

The various results obtained are shown in table 1, 2, 3, 4, 5 and table 6. The table 1 helps
us to choose best set of discriminatory features among large number of features and we found
that the combination with bold text in the table 1 can be consider as best combination to detect
various sleep states. Table 2, table 3 shows the comparison with state of the art methods with
same and different database respectively and it shows that our algorithm performed better than
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Table 2: Comparison of results with state-of-the art algorithms tested on the same database

Author and year Number of records ~ features Classes used Classifier used Average Accuracy( %)
Redmond  and f .
Heneghan [44], 17 HRV  features and Light sleep vs deep QDA 89

EEG Features sleep
2003
Adnane et al. ; . , . ;
[43], 2012 17 HRV, DFA and WDFA  Sleep vs wake SVM 79.99
Hayet and Slim RR-time series and .
[45], 2012 09 HRV features Sleep vs wake ELM 83.59
Werteni et al.

/ v 7

[46], 2015 17 HRV Sleep vs wake REM SVM 56.81
R.K Tripathi et . . ) ! .
al. [39], May, 17 Dispersion entropy and - wake, light sleep, deep o o1 jotwork 85,51, 94.0 95.71
2018 variance sleep, REM
Taran et al. [42], 16 Hermite coefficients alert(w) and - drowsi- ELM 92.28
2018 ness(s1)

spectrogram  images
Budak et al. 16 and instanious fre- alert and drowsiness LSTM 94.31 %
[41], 2019 :

quencies
Panfeng et al. . NREM (sl-s4), REM, QUM -
[47], 2019 06 statistical features Wake W-SVM 85.29
Junming at el. Hilbert Huang coeffi- ’ . N
(48], 2020 18 cients REM,REM,wake CNN 87.6 0.81
Proposed time domain and . .
method 15 Franklin coefficients Wake, Sleep(all), REM KNN 96.9,93.94, 93.84

other state of the art methods.Our method is patient specific and the state of the methods used
for comparisons are also patient specific, therefore it justifies the comparisons. Table 4, 5 ,6 shows
classification results for randomly selected 2, 4, and 6 classes respectively.

8 Conclusion and future work

A novel hybrid approach of two piecewise linear models has been developed to extract the features
from the biomedical signals. The main idea behind the two piecewise linear models is to morph
the signals in such a way that signal should become simple and smooth but at the same it must
retain the important characteristics of the sleep states in it. Different time domain and frequency
domain features are extracted, and these features are combined to construct final feature vector.
Features are classified by using KNN classifier on long data of CHB-MIT polysomnography
database. Proposed algorithm achieved an average sensitivity, specificity, accuracy and false
alarm rate of 98.35% and 97.32%, 96.96%, 0.029 respectively for two randomly picked classes,
96.62% and 97.10%, 93.94%, 0.030 for randomly picked any 4 classes, 96.13% and 98.33%, 93.84%,
0.016 for all six classes, which is higher so far than state of the art methods. In future algorithm
will be tested on very long data of different databases. In this algorithm we have used three
biomedical signals which may slow down the speed of the system instead of two or less signal
being used. Therefore in near future we will try to use only two or less signals with different set
of features from different signals so that further results can be improved in an more efficient way.
In future, we plan to use EEG and blood signal where Franklin system may be used on EEG
and some time domain features can be extracted from blood signal.
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Table 3: Comparison of results with other algorithms tested on the different database

Author and year

features

Classes used

Classifier used

Average Accuracy(%)

Prucnal et al. [49]

EMD and
based features

wavelet

Five class (wake, S1,
S2, deep sleep, REM)

Neural Network

74.2  (using DWT
features), 57.6 (using
EMD features)

Ensemble EMD based

Six classes (wake, S1,

42,05 (S1), 79.51 (S2),
86.61 (S3), 48.09 (S4),

Hasan et al. [50] features $2, $3, S4, REM) RUSBoost 95.16 (wake), 80.50
(REM sleep)

5.80 (S1), 87.70 (S2),

Qe DWT and statistical (wake, S1, S2, S3, S4, ) N 51.50 (S3), 68.00 (S4),

Da Silveira et al. [40] foatures REM) Random forest 9.3 (wake), 68.80

(REM sleep)

83.84% (wake), 57.75%

R.K Tripathi et al (light - sleep), 72.66%

P HRV features (NREM, REM) DNN (deep sleep), 80.11%

[14] May, 2018 (REM sleep), 73.70%
(overall accuracy)
Proposed method ~ Ume domain and  Wake, Sleep (all), gy 96.9,93.94, 93.84

Franklin coefficients REM
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Figure 1

Framework of proposed method
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