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Wavelet Transform Enhancement for Drowsiness
Classification in EEG Records Using Energy Coefficient
Distribution and Neural Network
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Abstract—Reliable classification of drowsy stage in EEG
signals have attracted attentions from researchers for many
years because of large amounts of brain signal noise. Recent
studies have demonstrated that the analysis of EEG signals can
get benefits from wavelet transform (WT). Despite of this,
experiments do not support the effective use of wavelet features
for the discrimination of EEG signals because there is much
redundant and irrelevant information contained in wavelet
coefficients. Furthermore, extraction of useful features from
EEG signals for classification is still an open research question.
The novel method present in this paper is to extract useful
features for classification of EEG signals based on wavelet
transform. This method basically consists of two major steps.
The first step is extracting energy coefficients from wavelet
transform based on Parseval’s theorem to represent the
distribution of brain signals. The second step focuses on revising
weights of energy coefficients to facilitate a classification
method. We show that the energy-based features not only
capture meaningful information of wavelet transform, but also
are useful for classification. We evaluate the proposed method
by using the energy-based features to train a neural network for
classification of drowsy and alert signals in EEG records. The
experimental  results conducted on the MIT-BIH
Polysomnographic database have shown that the proposed
method achieves 90.27% of accuracy compared to
wavelet-based methods.

Index Terms—EEG, drowsiness, alertness, wavelet transform,
energy distribution, neural network, classification.

. INTRODUCTION

Drowsy driving has become a serious problem that leads to
thousands of automobile crashes each year [1]. For many
years, there are several approaches done to detect the drowsy
driver [2]-[5]. In [2], [3], autonomous sensors are used to
examine the driver behaviors and the driving performance to
infer drowsy driver. However, this method has been
unsuccessful because difference of vehicle types and driving
conditions. Automatic detection of drowsy driver from
relevant body’s responses, such as blink rate, eye closure and
head movement, using image processing was proposed in [4].
Although this method is fully automatic, it has several
restricts. In addition, most drivers are unwilling to be
monitored with a camera directly.

Biomedical signals are useful to infer the body's response.
Among these signals, Electroencephalogram (EEG) is one of
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reliable methods to detect several problems of the brain [5]

and is a main method in drowsy detection [10]. Fig. 1
illustrates EEG signals of alert and drowsy stages.
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Fig. 1. EEG signals of alertness and drowsiness stages.

Several approaches to the analysis of EEG signals were
proposed in the last decade [6]-[9]. Basically these
approaches can fall into one of the following schemes: 1)
time analysis, 2) frequency analysis and 3) time-frequency
analysis. In time domain, the analysis of EEG signals is
normally done by extracting statistical values, such as
maximum, minimum, mean and standard deviation. Then,
these values are used to distinguish between the alertness and
drowsiness stages [6]. Despite its efficient computation, these
statistical features are not effective enough to capture
underlying properties of EEG signals. More common
approaches are based on frequency analysis [7]-[9]. , Fourier
analysis is a dominant technique that extracts a frequency
spectrum of EEG signals. However, it is known that the
conventional method of frequency analysis is not highly
successful for the analysis of non-stationary signals (i.e.,
EEG signals) [6], [11].

According to studies [11], [13], [17], the appropriate way
to the analysis of the non-stationary signals is using wavelet
transform (WT) which is a mathematical tool for signal
processing based on time-frequency analysis [21]. The main
idea of WT is to decompose a signal into the frequency
sub-bands using wavelet transform and then a set of statistical
features are extracted from the sub-bands to represent the
distribution of wavelet coefficients. Despite this, experiments
do not support the effective use of wavelet coefficients [6],
[16].

For many years, there are several methods proposed to
enhance WT for EEG classification [6], [11], [15], [16]. For
example, Adaptive Neuro-Fuzzy Inference System (ANFIS)
is applied to wavelet coefficients instead of standard
classification methods for EEG classification [16]. Some
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recent studies [11], [15] have experimented that Power
Spectral Density (PSD) obtained from discrete wavelet
transform of full spectrum EEG outperform other wavelet
features. In study [6], the combination of multiple sets of
features extracted from time analysis, PSD and wavelet
coefficients is employed to differentiate alert and drowsy
signals in EEG records where 7 of 19 features are manually
selected. According to their experimental results, the
multimodal-based features perform better than single features
for classification of drowsiness in EEG records. However,
automatic extraction of useful features describing alter and
drowsy signals in EEG records is still an open research
question.

Motivated by the above challenge, we propose a novel
method to enhance wavelet coefficients for EEG
classification. This method basically consists of two major
steps: 1) extraction of energy coefficients and 2) feature
revision. The objective of the first step is to find a compact
and meaningful representation of wavelet coefficients. This
is done by extracting energy coefficients from wavelet
transform of brain signals based on Parseval’s theorem. The
aim of the second step is to facilitate a classification
technique (i.e., neural network) by revising the weights of
each energy coefficients before the classification is made. In
this work, we apply Mapping-Constrained Agglomerative
(MCA) [21], an efficient algorithm which automatically finds
appropriate locations of clusters by considering both inputs
and outputs, as knowledge base to obtain accurate weights of
the energy distribution. We evaluate the proposed method by
using the energy-based features to train a neural network for
the discrimination of drowsiness and alertness stages in EEG
signals. The experimental results show impressive
performance.

The rest of the paper is organized as follows: Section 11
gives background of wavelet transform and the energy signal
based on the Parseval’s theorem. In Section III, we describe
our proposed method including extraction of energy
coefficients from wavelet decomposition and input-output
clustering algorithm. Experimental results and discussion are
present in Section 1V, following by conclusions and future
work in Section V.

Il. BACKGROUND

A. Wavelet Tranform

Wavelet Transform is a mathematical technique that can
convert a signal f(t) into shifted and scaled versions of the
mother wavelet. The wavelet transform [18] decomposes a
given signal f(t) into increasingly details that described by:

f© =502 qU0e@t— 1) + B a%r0 22 W@t~ 1) (1)

where ¢(t) is a scaling function, «(t) is a mother wavelet
function. The first component is an approximation of f(t) on
the scale index j while the second one is an detail using upper
scale index j+1, cj(k) is scaling coefficient and dj(k) is
wavelet coefficient. These coefficients can be calculated as
follow:

G = [T f)e@t—k)dt @

(k) = [~ f)w(@'t —k)dt 3)

From (1), the scaling function can be associated with the
low-pass filters (LPF) and the wavelet function can be
associated the high-pass filters (HPF). The decomposition
procedure will start when f(t) was entered into these filters.
Then the approximations and the details are the low and high
frequency component of signal, respectively. The outputs
from them are the detail and approximation coefficients at
1-level shown as Al and D1. Then the approximation signal
of 1-level are sent into 2-level to repeat the decomposition
procedure. Next the two outputs are the detail and
approximation coefficients shown as A2 and D2. Finally, the
signal is decomposed at the expected level. The example of
wavelet decomposition for three levels shows in Fig. 2.
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Fig. 2. Wavelet decomposition at the expected level is 3.

B. Parseval’s Theorem

The Parseval's theorem [22] refers to energy of a signal in
terms of its Fourier transform. This theorem is useful for
evaluating the energy of a signal without prior knowledge
about its time domain. Given a signal f(t), the energy
coefficients of the signal f(t) are defined by:

E = E = %, AF(0) + 235 DR @
where E=%"" f2(t)=f*@)+ f*(Q)+--f?(n) » () is a
signal at time t, 0 <t <=nand E is defined as energy
coefficient at its i level.
Let us give an example. Suppose f(t) = [4, 6, 10, 12, 8, 6, 5,
5] is an input signal. According to the above equation, this

signal has the energy E is equal to 446. After we apply Haar
wavelet transform, the values of D1 and A1l for its 1-level is

[D1AL] = [5V2, 11V2, T2, 5V2| V2, V2, /2, 0]. It can

show that E, = 3" AZ(K)+ 3" D?(K) =446 . Thus the

1% level Haar transform has kept the energy constant. It can
be expected that at the 3™ level the energy

E, = A2+ D? + D? + D?is also equal to 446.

TABLE I: FREQUENCY BAND LEVEL 1-6 OF EEG AT SAMPLING RATE 250Hz

Decomposed signals Frequency bands (Hz) Level
D1 62.50 — 125 1
D2 31.25-62.50 2
D3 15.62 - 31.25 3
D4 7.81-15.62 4
D5 3.90-7.81 5
D6 1.95-3.90 6
A6 0.0- 1.95 6

It is known that the number of decomposition levels related
to the sampling rate of the primary signal. In this study, the
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sampling frequency of the EEG signal is 250 Hz. The
frequency band of 1% level is [250/4:250/2], the frequency
band of 2™ level is [125/4: 125/2] and the frequency band of
the other levels are shown in Table I.

I1l. OUR METHEODOLOGY

The main process of our proposed method can be seen in
Fig. 3. According to this figure, an EEG signal is segmented
and then decomposed with the conventional method of
wavelet transform described in the previous section. After
that, we extract energy coefficients from the wavelet
decomposition to represent the distribution of brain signals.
After that, we apply the input-output clustering to adapt
weights of each energy coefficient before the classification is
made. Finally, a neural network is used to utilize the
energy-based features for characterizing alert and drowsy
stages in EEG records.

A. Distribution of Signal Energy

The energy coefficients of each resolution level have a
wide range of values. For example, the D1 energy
coefficients of alert and drowsiness stages are shown in Fig.
4(a) and Fig. 4(b) respectively.
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Fig. 3. The process of our proposed method.

Fig. 4(a), the x-axis is the segment number and y-axis is
energy coefficient. There are various values of D1 energy
coefficient. The minimum value is 0.88x10° and the
maximum value is 62.27. The corresponding histograms of
the D1 energy coefficient to approximate probability density
are shown in Fig. 4(c). Fig. 4(c) shows that the histograms
skew to the left. These shapes of the histograms indicate that
the small energy coefficient has the higher probability than
the large energy coefficient. As shown in Fig. 4(c) and Fig.
4(d), the D1 energy coefficient distribution is not obviously
normal distribution. We assume to use the lognormal
distribution for describe the energy coefficient distribution
that is defined by:

—(nx—u)?

202

(®)
where y is the output value of lognormal distribution function,
X is input values, x is mean of x and o is standard deviation of

X. The energy coefficient distributions of the other inputs are
not also normal distribution.

1
y = f(xlu, o) —me
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Fig . 4. D1 energy coefficients and their distributions of alert and drowsy
signals.

B. Feature Revision Using Input-Output Clustering

In the previous section, we show how to extract a
distribution of energy coefficients from wavelet transform.
The energy distribution offers a compact and meaningful
representation of wavelet coefficients. However, the
evaluated weights of each energy coefficient obtained may be
not accurate enough to describe alert and drowsy signals
because of many noises in EEG records. As a result, this may
lead to a negative impact on the classification accuracy
obtained.

In this section, we propose to revise weights of each
energy coefficient extracted from wavelet transform to
facilitate a learning method for classification The idea is to
adapt weights of each coefficient of an input vector by
combining the likelihood estimates of the nearest cluster.

To estimate the likelihoods, an input-output clustering
method is applied in this work. The goal of input-output
clustering (IOC) is to find appropriate locations for clusters
by considering both inputs and outputs (i.e., drowsiness and
alertness). The idea of 10C is to group input data according to
the following constraints:

1) The connective data in input region with similar outputs
should be group as the same cluster.

2) The non-connective data in input regions with similar
outputs should be as different clusters.

3) The non-connective data in input regions with different
outputs should be as different clusters.

In this work, we adopt MCA (Mapping-Constrained
Agglomerative) algorithm proposed in [21] for weight
revision of energy coefficients of an input signal. Given the
training data, this algorithm automatically extracts the
optimal number of clusters by considering both similar inputs
with similar outputs of the training data. It also estimates the
means and variances of each cluster in a single pass. We thus
use the MCA algorithm to estimate the likelihoods of the
input signal.

The following is the outline of MCA algorithm.

1) Given a set of training data{(x;,v,)| k =1,..,n},
initialize C « C,,,, and ¢; « 1, where C is the number
of cluster; C,,., is @ maximum number of clusters; and
¢; is the number of points in the cluster i.

2) Select the first C members of training data and initially
assign my; « x;, 02 « 0, my; < y;, 04 « 0 where
my; and my; are the centers of the cluster i in the input
space and output space, respectively; o and o3; are the
variances of the cluster i in the input space and the

290
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output space, respectively.

3) Compute input and output upper-triangular distance
matrices defined as D; € R®*¢ and D, € R¢*C ,
respectively. The elements of D; and D, at the a-th row
and b-th column defined as d,,, and dy,, Where the
elements d,,, and d,,, are the distances between the
center of the cluster a and the center of the cluster b in
the input and output spaces, respectively. They can be
computed by:

digp = llmyg —my|| (6)
doay = llmoa — mop || )
where a,be{l,...,c),a;tb and || | is the Euclidean norm.

4) Select input a data point (x, yi)

IFk<n
k<k+1
ELSE
k<1
5) Find the clusters closest to the current data point is

defined as winner input cluster(y) and winner output
cluster ().

Y < ”me - xk” = min|lmy; — x|
8 < |lmys — yiell = min|lmy; — vl

The cluster centers m;, and m,s are the closest center to
Xy andyk.
IFy=56

The input cluster and output cluster of (x;,y;) satisfies
the mapping consistency, we will assign (x,y;) into the
cluster y by performing:

Update the centers and variances of the cluster y in both
input and output space as follows:

¢, <¢ +1 8)
temp_k « temp_k + 1 (©)]
For the input space:

temp_my, < my + % (10)
o « (Cy_l)(gé':mlzy)ﬂiz — temp_m}, (12)
my, < temp_m,, (12)

For the output space:
temp_mg,, < mgy, + % (13)
05, < (Cy_l)(ggz:mgy)wiz — temp_m}, (14)
my, < temp_my, (15)

Repeat step 3) to update the distance metrics for the input
and output spaces.
IFtemp_k <n
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Gotostep 4)

ELSE

Termination of clustering process.

ELSE

Go to step 4)

Once the clusters were identified, the probability of the
nearest cluster is used to adapt weights of energy coefficient
vector before a classification is made by a neural network.

C. Neural Network Classifier

To effectively use the energy distribution, a multi-layer
feed-forward artificial neural network is trained using
standard back-propagation algorithm. As seen in Fig. 5, an
input vector that consists of 7 energy coefficients (i.e., D1-D6
and A6) is applied to the input layer. Then, all of the inputs
are distributed to each unit in the hidden layers. The output of
the final layer is computed by multiplying the output vector
from the hidden layers by the weights into the final layer. We
use the common asymmetric sigmoid function as activations
of these units.
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Fig. 5. Multi-layered neural network.

It is known that finding the appropriate number of hidden
layers is one of the most critical tasks in neural network
design. A network with too few hidden nodes would be
incapable of differentiating between complex patterns. In
contrast, too many hidden nodes will lead to poor
generalization for unseen data and become time-consuming.
For this experiment, we found that the best performance is
achieved with 5 hidden layers by trial and error and 10
cross-validation procedure.

IV. EXPERIMENTAL EVALUATION

A. Data Collection

We use the Massachusetts Institute of Technology
(MIT)-Beth Israel Hospital (BIH) polysomnographic
database [19]. This dataset contains a collection of eighteen
recordings of multiple physiological signals during sleep.
The patients were monitored for evaluation of sleep stages.
The dataset also contains over 80 hours of four-, six-, and
seven-channel polysomnograms, each of them with an EEG
signal annotated by experts. The recording time for patients
ranged from 2 to 7 hours, and the polysomnograms
corresponded to men between 32 and 56 years of age.

B. EEG Signal Processing and Segmentation

Because of long EEG recordings, we segment the EEG
signals for the analysis of EEG. In this experiment, we
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choose the following duration time of signal segmentations: 1,
5 and 10 seconds respectively. Each segment is annotated
with a label of “alertness” or “drowsiness” and is used as the
training and test sets for classifier evaluation.

According to our experimental results, we obtained the
best performance when using a collection of 1s segments of
EEG records (i.e., 71.84% of mean square errors). Thus, we
use this signal collection for this experiment.

The Daubechies 2 mother wavelet is used to decompose
the EEG segments of 1s duration in six levels. The D1-D6
and A6 energy coefficient are the input features. The output
categories are “0 1” and “1 0” to represent alert and
drowsiness stages, respectively. There are 107,460 EEG
segments (i.e., 84,000 alertness and 23,460 drowsiness
records).

C. Lognormal Distribution Parameters

To verify the distribution density of energy coefficient
using lognormal distribution, we examine the distribution by
using plots of probability density. Three probability
distribution functions are compared: Lognormal, Gamma and
Exponential distributions. The probability density plots of D1
energy coefficient are shown in Fig. 6.

Probability distribution comparison
0.5 T T

D1 Alert data
Lognormal

Probability density
o
N
u

5 10 15 20 25 30 35 40
Energy Coefficients

Fig. 6. Three types of probability density plots of D1 energy coefficient.

Fig. 6 illustrates the superior fitting with lognormal
distribution compared the other distributions. To verify the
energy coefficient distribution of other levels, we will also
use similarly procedure. The 2-parameters of lognormal
distribution of all levels are shown in Table II. All of X*are
less than X* with alpha 0.05 and degree of freedom (df)
60-1-2 show that all level of energy coefficient are lognormal
distribution. Table Il shows the average (x) and standard
deviation (o) of each feature.

TABLE Il: THE 2-PARAMETERS 1 AND ¢ OF LOGNORMAL DISTRIBUTION

Levels Alert Drowsiness
X? )7 o X? )7 o

D1 28.79 | -3.3081 | 2.2145 | 34.66 | -2.3055 | 2.9983
D2 4053 | -2.5248 | 1.3406 | 4.74 -4.0171 | 2.2933
D3 8.32 -2.0058 | 1.4186 | 8.45 -3.9381 | 2.4419
D4 48.04 | -1.4719 | 2.1933 | 4.01 -45752 | 2.8558
D5 7.24 -2.9783 | 1.7575 | 7.21 -5.1284 | 2.5997
D6 2.31 -3.8484 | 1.6395 | 5.44 -5.3381 | 2.5598
A6 6.1 -1.3302 | 1.3407 | 11.22 | -2.3425 | 2.1860
Since the data are divided into 60 bins and we have

estimated two parameters, the calculated value may be tested
against the chi-square distribution with 60 -1 -2 = 57 degrees
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of freedom. For this distribution, the critical value for the
0.05 significance level is 75.61. Since all x2< 75.61, we do
not reject the null hypothesis that the data are log-normal
distributed.

D. Results and Discussions

Table 11l compares the accuracy performance of three
different feature extraction methods based on wavelet
transform (WT). Our proposed method that uses the energy
coefficient with probability distribution (ECPD) to represent
the distribution of EEG signals is compared to the two
baseline methods, including Power Spectrum Density (PSD)
[11] and the method that uses multi-modal features from time
analysis, PSD, and WT, named Multi-Modal Analysis (MA)
[5].

TABLE Ill: THE PERFORMANCE COMPARISON OF SIGNAL FEATURE
EXTRACTION METHODS

Number of Accurac
Method extracted o
features y (%)
Energy c_oefficients with probability 7 90.27
distribution (ECPD)
Multimodal Analysis (MA) [6] 7 85.66
Power Spectrum Density (PSD) [11] 12 66.67

TABLE IV: THE CONFUSION MATRIX OF CLASSIFCATION RESULTS

Method Alertness Drowsiness
ECPD Drowsiness [ 161 [ rat
VA o] Drowsiness [ 125436
PsD [11] Drowsiness [ 1588 | 4922

As seen in Table I, ECPD achieves the best performing
method for feature extraction in EEG signals with 90.72% of
the classification accuracy. MA that uses a set of multiple
features from time analysis, PSD, and WT, also performs the
second best one with 85.66% of accuracy on this collection of
EEG data. We also compare ECPD with PSD obtained from
DTW. As seen in Table 111, ECPD largely outperforms PSD
for the measure of accuracy. Furthermore, the number of
extracted features from ECPD is less than that of PSD.

One interesting point reveled in this table is that PSD, a
commonly used method for the classification analysis of
EEG signals, is not effective enough to achieve the
encouraging performance since there are redundant and noisy
information extracted from wavelet transform. Furthermore,
the results support the superiority of the distribution of
energy coefficients for enhancement of wavelet transform.
The improvements are also consistent in the number of
correct and incorrect classification on the test data made by
the proposed method. As seen in Table 1V, ECPD achieves
the best correct classification of drowsy (98.09%) and alert
(82.45%) signals with the lowest incorrect classification rates
compared to MA and PSD respectively.

We also examine the effect of feature revision. Fig. 7
illustrates the average values of energy coefficient
distribution of alert (blue line) and drowsy (red line) class
before/after the revision process. As seen in this figure, the
average values of energy coefficients at each level are not
significantly different between alert and drowsy signals (the
above graph). This may lead to a negative impact on
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classification methods used for making a decision. However,
after the weight revision is performed, the obvious
differences of alert and drowsy signals can be easily
identified. Consequently, this can facilitates the
classification method for the discrimination of brain signals.
This result also highlights the use of input-output clustering
for feature revision.

0.03 The awverage distribution of energy coefficients without weight revision
E T T T T

T
| ; H H —+— alert class
Do R R . —+— drowsy class

Energy coefficients

Energy coefficients

Fig. 7. The average distributions of energy coefficients without weight
revision (top) and with weight revision (bottom) on the training data.

V. CONCLUSIONS AND FUTURE WORK

In this work, we tackle the deficient use of wavelet
transform for reliable classification of EEG signals. We have
presented a novel method to enhance wavelet transform for
classification of EEG signals. This method basically extracts
energy coefficients which captures meaningful information
of wavelet transform based on the Parseval’s property. Then,
the process of feature revision is applied to each energy
coefficient to facilitate the classification method. We
evaluate the proposed method by using the energy-based
features to train a neural network for characterization of alert
and drowsy signals. The experimental results conducted on
MIT-BIH Polysomnographic database have shown that the
proposed method achieves encouraging performance in
comparing with standard wavelet-based features.

Although the proposed method is promising for
classification of EEG signals, a fair computation is usually
required. Consequently, it might be not suitable to apply this
method for real-time signal processing. We thus plan to
improve the efficiency issue of our method for future work.
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