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Abstract: -In this paper, a Hilbert-Huang Transformation (HHT)-based time frequency scheme is 
applied to the analysis of clinical alcoholic and normal control FP1 electroencephalogram (EEG) 
signals. The differences in the responses of the EEG signals, the intrinsic mode function (IMF), 
instantaneous frequency (IF), marginal frequency (MF), and the Hilbert spectrum between the 
simulation results of the clinical EEG signals of the alcoholic and control groups are discussed. When 
comparing the clinical EEG signals of the alcoholic and control groups, the EEGs of the control group 
of picture observers did not appear to indicate significantly larger voltage. The EEG signals of the 
alcoholic group in the experiment suggested that when they were exposed to the stimulus, brain cells 
were stimulated and emitted higher voltage. From these discussion, we can recognize IMFs, IFs, 
Hilbert Marginal frequency, and Hilbert spectrum of EEG signals of an alcoholic and a normal 
observers to define an alcoholic illness. 
 
Key-Words: - Hilbert-Huang Transformation (HHT)�time frequency analysis�alcoholic EEG� 
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1 Introduction 
 
Mobile telemedicine and biomedical signal 
processing are interest research topics [1-28]. 
The discussion of mobile telemedicine systems 
and chaos-based encryption scheme of clinical 

signals has been scrupulously studied in our 
earlier work [16-26]. In this paper, we discuss a 
Hilbert-Huang Transformation (HHT)-based 
time frequency analysis scheme for clinical 
alcoholic EEG Signals. There is a difference 
between the measurement of biological signals 
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of the human body by using electronic 
instruments and conventional intrusive methods; 
electronic instruments induce little trauma to the 
body and cause less stress to the patient by 
inflicting pain in addition to that caused by an 
illness. Examination of clinical 
electroencephalogram (EEG) signals is a current 
topic of interest. Prof. Hamsberger in Germany 
was the first to record EEG signals in 1927. In 
1934, Adria and Matthews discussed the 
correlation between the EEG signal and brain 
activity. Various physiological and pathological 
phenomena affect the characteristics of EEG 
signals. Therefore, critical clinical information 
can be obtained from observation and analysis of 
EEG signals in cases of brain tumors or 
hemorrhage, cerebral infarct, head injury, 
encephalitis, coma, seizure disorders (epilepsy), 
sleep disorders (narcolepsy), and alcoholism. 
Presently, EEG signal characteristics of various 
diseases are being explored. In this study, the 
characteristics of brain wave detected in cases of 
alcoholism are determined by analysis and 
discussion of the measured clinical EEG signals. 
A set of pictures is used to visually stimulate the 
cell discharge of the alcoholic brain, the 
potential change is accordingly observed, and 
the brain wave data are compared with those of a 
control group. The general EEG signal 
characteristics of alcoholism are determined 
using delicate analytical tools, supplementing 
observations of clinical behavior. At present, the 
analytical techniques frequently used in dealing 
with the EEG signal temporal frequency are as 
follows: short-time Fourier transform [1-5], 
wavelet-transform [6] and Hilbert-Huang 
Transformation (HHT) [7-14]. For conventional 
Fourier transform, the condition required for the 
signal must be a linear and stationary data string, 
for a sufficiently long period, and predefined. It 
is difficult for the Fourier transform to provide 
good spectrum resolution when there is a large 
variation in frequency within a short period. The 
solution is to define a new temporal frequency 
space waveform description format. The major 
concept of the transformation is to formulate a 
time frame for calculating the spectrum of the 
data string desired for processing within a unit 
of time; the time frame should be narrow enough 
to provide good resolution. Wavelet transform is 

defined as a gauss envelope, initially with a zero 
mean. Changing the scale of the constant will 
change the frequency width and time space 
result; the frame stays constant but with a larger 
or smaller shape. Short-time Fourier transform 
uses a constant window width; in contrast, 
theoretically, wavelet-transform uses a shorter 
window width at high frequency and a longer 
window width at low frequency. However, the 
wavelet-transform solves the window width 
problem of short-time Fourier transform. The 
wavelet-transform frequency resolution phase 
depends on basis function. In addition, the HHT 
technique was used in the development of an 
alcoholism syndrome EEG signal temporal 
frequency analysis technique, acquiring the 
temporal frequency characteristics vector of the 
EEG signal. The HHT is extensively used in 
frequency correlation of non-stationary, non-
linear characteristic or temporal-spatial 
characteristic signal analysis. 

2.A HHT-based Time Frequency 
Analysis Scheme for Clinical Alcoholic 
EEG Signals 
 
EEG signal frequency can be divided into four 
categories: β wave (conscious), α wave (bridge 
conscious), θ wave (subconscious), and δ wave 
(conscious-less). These combinations of 
consciousness form a person’s internal behavior, 
emotion, and learning performance. The HHT 
temporal frequency analysis technique uses 
empirical mode decomposition (EMD) and the 
decomposition of the intrinsic mode function 
(IMF), and conducts the Hilbert Transformation 
(HT), developing an instantaneous frequency 
change, and instantaneous amplitude, which 
takes multiple channels into account, resulting in 
a time and frequency dependent analysis of 
variation. The procedure for analyzing the IMF 
by EMD is described as follows:  
 
Step 1: initial and assume  and i=1; )(txro =
Step 2: analyze the ith IMF; 

(a) initial and assume , k=1; iki rh =− )1(

(b) analyze  the local maximum and 
minimum; 

)1( −kih
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(c) co
velo

; 
(d) uppe

mit and lower limit envelope ; 

(f)  or go 
tep (b) and k = 1; 

 st ocedure is finished 

f local envelope maximum and 

uld be the sum 

) 
ing the Empirical Mode 

nction, described as: 
 

                    (1) 

ttribution function(residue) 

 
Then 

HT{}:Hilbert Transformation 

nstruct )1( −kih  the upper limit and 
lower limit en pe through 
addition sampling
 calculate mean )1( −kim  of the r 
li )1( −kih

(e)  )1()1( −− − kikiik mhh
 If ikh  is IMF, then IMF

= ; 

iki h= ;
to s  k+

Step 3: define iii IMFrr −=+1 ; 
Step 4: If 1+ir  has at least two extreme values, 
go to ep 2 or the analysis pr
and 1+ir  is the residue signal; 
 
Where IMF is defined by two conditions: 
Condition 1: the difference of the figure crossing 
with zero and the local extreme value of the 
entire data shall be equal or 1. 
Condition 2: the mean of any point is the 
verage oa

minimum. 
 
In addition, the HHT-based time frequency 
analysis scheme has 4 assumptions: 
Assumption 1: At least two extreme points for 
signals: max. and min. 

tion of scale size of the Assumption 2: selec
characteristic time rests at the extreme point and 
the temporal interval. 
Assumption 3: provided that the data to be 
analyzed have no extreme values but contain 
identifiable points that can be expressed as 
extreme points of single or multiple analyses, 
accompanying the increase in the number of 
analyses, the max/min points become significant. 

ssumption 4: the final result shoA
of the above stated composition. 
 
Thus, the single channel EEG wave can be 

(t), whereas function x(tdefined as function x
nalyzes the IMF by usa

fu

∑
=

+=
n

i
i trtIMFtx

1
)()()(

:)(tFi  the ith  IMF IM
r(t): a
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)(t  )()( 22 ytxta +=

)
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)(arctan()( tyt =θ                            (2) 

hus, the IF of a single channel EEG signal can 
be analyzed as: 
 

T

td )(1 θ
dt2

f
π

=                                    (3) 

 
By using the HHT-based time frequency 
analysis technique, the time frequency 
characteristic vector of the EEG signal for 
alcoholism can be acquired, and the frequency 
characteristic, amplitude characteristic, time 
depended temporal-spatial frequency correlation, 
and correlation of the multiple channel EEG 
signal can be analyzed. Furthermore, it is 
possible to determine statistically common and 
abnormal points and generalize a standard in 
comparison with a normal sample, augment the 
efficiency of observation, and analyze the 

enhance the quality of 
gnosis of alcoholism. 

 
observer watching a picture (stimulant). When 

alcoholic EEG signal to 
the physician’s clinical dia
 
3.Simulation Results 
 
In this simulation, references [15] from the 
alcoholic EEG signal database were adopted. 
Database format: multiple electrodes positioned 
in time sequence record the EEG signal state of 
the control group and the alcoholic group. 
Experimental method: attach 64 sensors 
(representing 64 channels) to the skull skin; the 
sampling rate of each channel is 256 per second. 
Experimental scenario: alcoholic group vs. 
control group; each individual watched a picture 
for 1 second in every round. The pictures used 
were as follows: 1980 Snodgrass and 
Vanderwart picture set [16]. Figure 1 is an FP1 
EEG signal presented by a normal observer 
watching a picture (stimulant). Figure 2 is an 
FP1 EEG signal presented by an alcoholic
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comparing the signals, the EEGs of the normal  
 

 
Figure 1 The FP1 EEG signal presented by a normal observer watching a picture. 

 

 
Figure 2 The FP1 EEG signal presented by a member of the alcoholic group. 
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Figure 3 The EEG signal of a normal control person watching a picture (stimulant) and generates 9 
IMFs. 

 

ious. 
igure 4 shows the IMFs of an EEG wave  g to 

picture observers did not appear to indicate 
significantly larger potentials. The EEG signals 
of the alcoholic group in the experiment 
suggested that when they were exposed to the 
stimulus, brain cells were stimulated and emitted 
higher voltage potentials. Figure 3 analyzes the 
EEG signals of a normal control person 
watching a picture (stimulant) and analysis 9 
IMFs. These graphs represent the ingredients 
composing the EEG signals. These IMFs include 
EEG frequency, amplitude, and represent on a 
time axis, the frequency and amplitude of the 
signals over time, and accompany the increase in 
analysis frequency, low frequency is obv
F

 
presented by an alcoholic group while watching 
a picture (stimulant). In the first few IMFs, the 
phenomenon of amplitude decrement is not seen, 
but the frequency decreases. Some portions with 
larger amplitudes cannot be seen in the first 
analysis. Figures 4 obviously indicate the trend 
of decreasing frequency, decreasing in the same 
time zone. In addition, present high voltage at 2 
to 6 seconds, identical to the time zones of the 
original EEG display; this is not significant in 
IMF1. EMD is a kind of movement, through 
repeated analysis movement seek the useful 
information: pull the waveform straight 
gradually during the process, and accordin
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the determining formula to decide when to end the analysis. Figure 5 and 6 show the EEG  
 

Figure  of an EEG signal presented by an alcoholic group while watching a picture 
(stimulant). 

y, and Hilbert spectrum of an alcoholic 
nd a normal observers to define an alcoholic 

4 The IMFs

 
signal of a normal control person as well as an 
alcoholic group while watching a picture 
(stimulant) and generates 6 IFs, respectively.. 
Figure 7 and 8 show the Hilbert  Marginal 
frequency graph of a normal and an alcoholic 
observers while watching a picture. Figure 9 is a 
Hilbert spectrum graph of a normal observer 
watching a picture, where higher energy 
distribution is noted at 0–20 Hz. Figure 10 is a 
Hilbert spectrum graph of an alcoholic observer 

while watching a picture. From these figures, we 
see that the EEG signal characteristics of an 
alcoholic observer differ with a normal observer 
on the IMF, IF, Hilbert Marginal frequency, and 
Hilbert spectrum. We can recognize EEG signal 
characteristics of IMFs, IFs, Hilbert Marginal 
frequenc
a
illness. 
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4 Conclusion  
 

 
Figure 5 The EEG signal of a normal control person watching a picture (stimulant) and generates 6 

IFs. 

cy, and 
ilbert spectrum of an alcoholic and a normal 

 alcoholic illness.

 
An HHT-based time frequency analysis scheme 
was used to evaluate clinical alcoholic EEG 
signals and present the concept not only on the 
temporal scale but also by amplitude and 
frequency. In addition, we discuss that the 
characteristics of the analysis based on time and 
frequency domains are superior to other 
temporal frequency tools, and more information 
can be obtained from the characteristics 
expressed by each IMF. The differences of the 
responses between the alcoholic EEG signal and 

the normal control EEG signal are discussed in 
simulation results. From these discussion,We 
can recognize EEG signal characteristics of 
IMFs, IFs, Hilbert Marginal frequen
H
observers to define an  
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Figure f an EEG signal presented by an alcoholic group while watching a picture 

(stimulant). 
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