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ABSTRACT

Alcoholic beverages are widely used in many societies.
People can maintain their everyday lives while using a certain
amount of alcohol. However, when alcohol is used
intensively, it prevents healthy thinking, undermines decision
making and reflex functions. This decrease in reflexes brings
increase in traffic and job accidents. In order to determine the
capability of a person to do a job, the detection of alcohol
level is important. Nowadays, breathalyzers are used for the
purpose of such detection. These devices measure the amount
of alcohol rather than loss of function caused by alcohol. But
the amount of alcohol taken show different effects from
person to person. In this study people were tested and
determined whether they were alcoholic with the help of EEG
data. Preprocessing was performed on the EEG data set before
the process of detection, followed by the training of ANN
(Artificial Neural Network) and its test. Based on the obtained
best performance value, an interface was designed on
MATLAB for users.
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1. INTRODUCTION

The excessive consumption of alcoholic beverages is an
important social and medical problem. This problem causes
adverse social and economic effects on the individual drinker,
the drinker’s immediate environment and society as a whole.
Indeed, other people rather than the drinker can be affected,
for example, by related traffic accidents or violence.
Depending on the amount used, alcohol can reduce
coordination, slow reflexes and lead to over-confidence.
Alcohol also depresses parts of the central nervous system - it
slows down some of brain functions. Nowadays, testing for
alcohol consumption is done using a breathalyzer test. Ethyl
alcohol can also be measured in blood sample, urine, or in
saliva.

Figure 1 shows the detection of EEG signals from the human
brain [1]. With the help of these signals, whether a person is
drunk or not can be understood. In reality, the signals received
from human brain contain information about the person’s
current status. The signals received from drunk people
change in a certain range of frequency. Thus, alcohol’s impact
on human behavior can be detected much more clearly than
using only breathalyzers.
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Fig 1: Measuring EEG signals [1]

Practically, the measurement of alcohol usage with EEG
signals is not as easy as with breathalyzers, but today with
spreading portable EEG devices, the measurements of the
EEG signals can be made much easier and therefore much
more accurate results can be obtained. There are various
studies in the literature on EEG signals. For example, the
study published by E. Malar et al. [2], proposes a new
approach for detecting drunk drivers by the analysis of EEG
spectral power density. Pradhan et al. [3] implements a two
layered network for the analysis of EEG signals successfully.
Jiang et al [4] classifies and examines EEG signal
characteristics of Sleep Apnea Syndrome (SAS) by using
wavelet transform and an ANN. Hazarika et al. [5] has
benefited from EEG signals in order to make the classification
of normal, schizophrenic and obsessive people using wavelet
transform and three-layered feedforward network. Kiymik and
et al proposes [6] a wavelet transform and ANN method for
detecting alert, drowsy and sleep states. Bellotti et al. [7]
classifies spontaneous EEG signals in migranie using feature
extraction and supervised neural network. Puthankattil et al
[8] classifies normal and depression patients using relative
wavelet energy (RWE) and ANN according to EEG signals.
Sabeti et al [9] performes EEG signal classification of
schizophrenic and control participants using feature
extraction. Olejarczyk et al [10] identifies the effects of
different volatile anaesthetics on the spectro-temporal pattern
of EEG. They perform spectral analysis of EEG signals using
the discrete-time Fourier transform. Sahin et al [11] classifies
the partial epilepsy groups using Multilayer Perceptron Neural
Networks (MLPNNSs) according to EEG signals.

In this study, a data set of EEG signals was used to design a
system that detects whether a subject is drunk or non-drunk.
The dataset contained drunk and non-drunk subjects’ EEG
signals. Pre-processing of the data was carried out by using
Yule-Walker method, which is treated briefly in Section II.
By this method, the data in the set are reduced by analyzing
via parametric techniques, thus shortening the processing
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time. After that, the classification of drunk and non-drunk
subject was done using ANN. For a better classification, three
different epochs were implemented. According to the best
training result, an interface on MATLAB was designed for
potential users. The interface allows users to determine
readily whether a subject is drunk or not.

In this paper, the nature of EEG signal, the definition of ANN
and Yule-Walker method are treated in Section 2. Section 3 is
assigned to experimental application and performance
evaluation. And Section 4 includes conclusion and
recommended future works.

2. METHODOLOGY
2.1 Electroencephalography (EEG)

Bioelectrical signals obtained as a result of brain neural
activity are called EEG [12]. Human mental activities can be
observed via EEG signals. EEG signals are recorded by
electrodes placed over the head. The amplitude of these
signals varies between 1-100 pV and their frequency spectrum
lies between 0.5 — 100 Hz. EEG signals are divided into 4
groups [13] according to their frequency contents as shown in
table 1.
Table 1. Frequency ranges of EEG signals

Delta () 0.5-3Hz
Theta (0) 4-THz
Alpha (o) 8—-13Hz
Beta (B) >13 Hz

These frequency values vary depending on people’s instant
mental attitudes. Alpha waves are observed in normal, calm
people. The amplitude value of these waves is approximately
50 pV. Beta waves occur usually in cases of stress. Theta
waves are seen in children, and adults when they are
disappointed and tensioned. Delta waves are observed in
infants and in cases of severe organic brain diseases [13]. In
Figure 2, EEG waves with their four rhythms are shown [14].
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Fig 2: EEG waves with their four rhythms [14]

2.2 Artificial Neural Network (ANN)

ANN is developed on the model of human biological nervous
system. ANN is a mathematical calculation method based on
learning and making decisions [15]. It is a computer based
system which is used to solve difficult and complex problems.
A comparison of artificial neural network and biological
neural network is given in Table 2 [16].
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Table 2. A Comparison of Biological and Artificial Neural
Network

Biological Neural Network | Artificial Neural Network

Neuron Processing element

Synapse Weight

Dendrite Add Function

Cell Body Transfer/Activation Function

Axon Exit

ANN is categorized as feedforward and feedback according to
their architectural structures. Similarly, ANN is classified into
three groups with respect to learning approachs, namely
supervised, unsupervised and reinforcement learning. Hehb,
Hopfield, Kahonen and Delta are used as learning rules [17].

In this paper, feedforward error backpropagation ANN
(FEBANN) is used. This ANN type is preferred due to the
ease of implementation, higher speed and minor training sets
requirement.

2.3 YULE-WALKER Method

This method is called autocorrelation in the some sources.
Autocorrelation equations are available on the basis of
Yule-Walker which is used for Autoregressive (AR) model,
so these two names are used interchangeably in the literature
[15]. In this method, AR coefficients ap(k) are calculated
using autocorrelation equations.

@ r*@® r*@ - r*(p) 1 1
r® r© @ - r*(e-D) ||ad) 0
(@ r@ r.(0) r*(p-2) ||a,(2) |=¢,|0

r(p) r(p-1) r(p-2) -  r(0) a,(p) 0

Here,
1 N-1-k
rx(k)=W x(n+k)x*(n);k=0,1,.....p

n=0
If the matrix equation above is solved for ap(k), then

b =, =5 @)+ Y ap(kr, *(®)

is obtained.

As a result of this equality, it will be possible to make a
prediction about the power spectrum [18].

3. EXPERIMENTAL WORK AND
PERFORMANCE EVALUATION

A block diagram for experimental work procedure is provided
in Figure 3.
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Fig 3: Block Diagram of the Experimental Work

The first stage in the block diagram is data retrieval. In this
stage, drunk and non-drunk subjects EEG data were used. In
this stage, two different data files containing 256 EEG for
each of 50 drunk subjects and 256 EEG for each of 50
non-drunk subjects were retrieved from Donald Bren School
of Information and Computer Sciences [19]. Among these, 40
drunk subjects and 40 non-drunk subjects EEG data were used
to train ANN. The remaining data were used in order to test
the network. In the second stage, pre-processing and data
reduction were realized using Yule-Walker method on
MATLAB platform.

The number of EEG data for both drunk and non-drunk
subjects’ data were reduced from 256 to 8 by Yule-Walker
method. In the third stage, the data were presented to the

network and it was trained. The training used 40 drunk and 40
non-drunk subjects” EEG data. Then, test data were fed to the
trained network. The remaining 10 drunk and 10 non-drunk
subjects’ data were used as test data.

In the simulation test of the network 300,900 and 1500
epochs were performed. The obtained results were 80%,
95% and 80% success, respectively. With respect to the
percentage success, the user interface was designed.

In the study, the best performance was reached in 900 epochs.
Simulation results obtained with 900 epochs are given in
Figure 4, where level O represents non-drunk, level 1 drunk
and level 2 indefinite. As Figure 4 illustrates, only 1 out of 20
subjects is undetermined. This instable data shows
indefiniteness.

Test Results ( 900 Epochs)
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Fig 4: The output of the neural network simulation for 900 epochs

In Figure 5, performance percentage of the network is shown
or 300, 900 and 1500 epochs. For 300 and 1500 epochs,

success is 80%, with 95% for 900 epochs, which is the best.
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Fig 5: Network performance for different values of epochs
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In the interface study for the network, the best performance
epoch were used. The interface consists of file path, data
screen and test part. When the full path of data files are
entered, data is transferred from the recorded file to the
interface path with OK button. In Figure 6, the
interface screen including test data is shown. In the designed
interface, numbers 1,2,3... in columns denote subjects, and
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numbers 1,2,3... in lines show EEG data taken at different
times from the subjects. By pressing the “DO TEST” button
whether the subject is drunk or not can be determined. For
example, according to test results provided in Figure 6, the
subject numbered 4 is determined as non-drunk and the
subject numbered 18 is determined as drunk.

(n Alcohol_Test_Interface =l ﬁ 'u Alcohol_Test_Interface Lil_lﬁ‘
Enter Data File Path Enter Data File Path :
testtet 1‘; 0K test txt oK 7—:
1 2 3 4 5 6 1 2 3 4 5 6
1 -2.3090 0.3360 -3.7130 -1.8620 -1.7800 08750 1 -2.3090 0.3360 -3.7130 -1.8620 -1.7800 08750 4
T -0.8440 0.3360 -2.7360 2.0450 -0.8040 18510 |= 2 -0.8440 0.3360 -2.7360 2.0450 -0.8040 18510 |-
3 0.6210 0.3360 -1.2720 2.5330 -0.3150 1.8510 3 0.6210 0.3360 -1.2720 2.5330 -0.3150 1.8510
4 1.1090 0.3360 0.1930 -0.3970 -0.8040 0.8750 | 4 1.1090 0.3360 0.1930 -0.3970 -0.8040 0.8750
' 5 0.1320 -0.1530 0.1930 -3.3260 -1.7800 -0.1020 | 5 0.1320 -0.1530 0.1930 -3.3260 -1.7800 -0.1020
6 -1.3330 -1.1290 -1.2720 -4.3030 -2.7570 -1.0780 6 -1.3330 -1.1290 -1.2720 -4.3030 -2.7570 -1.0780
' 7 -2.7970 -2.1060 -2.2480 -2.8380 -2.7570 -1.0780 7 -2.7970 -2.1060 -2.2480 -2.8380 -2.7570 -1.0780
8 -2.3090 -2.5940 -1.7600 -0.8850 -1.7800 -0.5900 =8 -2.3090 -2.5940 -1.7600 -0.8850 -1.7800 -0.5900
9 -1.3330 -1.6170 -0.7830 -1.3730 -0.8040 0.3870 | 9 -1.3330 -1.6170 -0.7830 -1.3730 -0.8040 0.3870
10 -0.8440 -0.6410 -0.7830 -3.8150 -0.3150 0.8750 | 10 | -0.8440 -0.6410 -0.7830 -3.8150 -0.3150 0.8750
[11 | 0840 o840 2730 6250 12920 13620 [ 1 | oss0  oss0 2760 6250 1220 1363
. 12 ‘ -1.3330 1.8010 -4.6900 -5.2800 -1.7800 1.8510 [ 12 | -1.3330 1.8010 -4.6900 -5.2800 -1.7800 1.8510
‘ 13 ‘ -1.8210 1.8010 -4.2010 -0.3970 -2.2680 1.8510 13 | -1.8210 1.8010 -4.2010 -0.3970 -2.2680 1.8510
'7”4 -0.8440 1.3120 -0.7830 5.4630 -1.7800 18510 ~ 14 -0.8440 1.3120 -0.7830 5.4630 -1.7800 18510 ~
<« m » ¢ m »
— Test Result — Test Result
Subject to be Tested: 4 NON-DRUNK Subject to be Tested: 18 DRUNK
i

Fig 6: Test screen of the interface

4. CONCLUSION

In this study, an alternative method was presented for
determining alcohol usage. The classification of EEG signals
recorded from drunk and non-drunk subjects was
implemented successfully. The designed system consists of a
pre-processing unit, an ANN and a user interface.
Yule-Walker power spectral densities were used in the pre-
processor, in which each EEG signal frame consisting of 256
samples yielded 8 inputs to the ANN after reduction. In the
ANN, the best result was obtained in 900 epochs with 95%
success rate using the reduced data. The interface was based
on the parameters providing the best performance. Subjects’
mental conditions were determined using these parameters in
the interface. The determination of a subject’s situation as
non-drunk or drunk can be easily done by loading the test data
to the interface. It was observed that the simulation
performance can be improved by increasing the training data
set.
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