Hybrid Mean Fuzzy Approach for Attention Detection

https://doi.org/10.3991/ijoe.v17i06.22315

Haslinah Mohd Nasir *%, Mai Mariam Mohamed Aminuddin,
Noor Mohd Ariff Brahin, Mohd Syafiq Mispan

Universiti Teknikal Malaysia Melaka, Melaka, Malaysia
haslinah@utem.edu.my

Abstract—Statistics around the world showed that attention deficit signifi-
cantly leads to road accidents. Hence, the growth of studies on attention deficit
detection becoming more important. The studies obtained the waveform from
electroencephalography (EEG) to identify the characteristic of attention. How-
ever, each individual has own unique characteristics to significantly shown the
attention deficit. Thus, this research aim is to use the fuzzy approach to mini-
mize the variability gap of the EEG signal between each individual. The re-
search conducted the prior experiment to develop control parameter for training
set of fuzzy by using two distinct stimulations to create two groups of attention
sample i.e., attentive and inattentive. An approach of novel Hybrid Mean Fuzzy
(HMF) was proposed in this research to detect attention deficit in EEG signal. It
is the combination of simple averaging (Mean) and Fuzzy approaches for EEG
analysis and classification. The results of using this method shows a significant-
ly change in EEG signal which correlates to the attention detection. An Atten-
tion Degradation Scale (ADS) is successfully developed as the threshold value
of EEG for attention detection. Therefore, the findings in this research can be a
promising foundation on attention deficit detection in large application not only
for reducing the road accidents.

Keywords—Biomedical signal processing, encephalography, simple averaging,
fuzzy, hybrid intelligence system

1 Introduction

Attention is a basic part of cognitive system that able to reduce the uncertainty in
the cognitive control in the function of orienting, alerting and executive control [1].
The information processing system performs each task in a serial order. To put in
perspective, humans could still be able to perform two tasks simultaneously at the
same time as long as the attention resource capacity is not exceeded. The illustration
for easy understanding on how the attention works when perform two tasks at the
same time is shown in Fig. 1.
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Fig. 1. The illustration if two tasks were done simultaneously

Attention is crucial to maintain the driver performance during driving. Attention
loss during driving may lead to road accidents that may cause injuries and even fatali-
ties. This situation is happening around the world and obviously it is a worldwide
issue. The facts and statistics showed that attention loss during driving is a significant
problem. Based on the World Health Organization (WHO) statistics, approximately
1.35 million people die each year as a result of a road traffic crash [2]. One of the risk
factors of traffic crash is distracted driving which associates with the driver attention.
Attention loss including drowsiness, sleepiness, as well as distracted driving may
affects the driving performance. Road accidents may occur when the driver’s ability
to perception, recognition and vehicle control decrease during driving. It would be
better if there is an effective method to detect whenever the attention is decline and
warns the driver to reduce the road accidents. However, there are substantial chal-
lenges in detecting, measuring and addressing attention lose during driving. Thus, this
paper proposed the use of encephalography (EEG) physiological measurement for
attention detection. The choice of EEG is because it is proven to be fast tool for in-
stant examination for attention evaluations [1,3-4].

Authors in [5] mentions that low perceptual demands may lead to mind shifted
which may cause attention loss. This is supported by authors in [6] which revealed
that the driving performances fluctuates when the attention loss during the lower per-
ceptual load with longer driving duration.

There are several methods that been used for attention detection through EEG sig-
nal. Ref. [7] proposed K-Nearest Neighbors (KNN) algorithm to measure level of
attention using BCI system. The authors managed to identify three levels of attention
with some limitations. The classifier is unable to process when the EEG signal is too
big.

While Ref. [8] proposed the temporal and time frequency features analysis to clas-
sify the attention during motor movement execution. Their findings revealed that the
proposed method was able to predict the attention while performing a motor task.
However, to analyze the effect of attention from the combination of motor movement
and attention itself is impossible using this method.

In regards of the literature survey, attention detection based on EEG is a robust
method as well as can be used effectively in various type of attention in combinations
of few methods. This statement was supported in [9-12].
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Artificial intelligence approach as classification is quite versatile for EEG signal
estimation and prediction. This paper is basically use Fuzzy system approach for at-
tention classification. It is known that fuzzy logic has an inference style that capable
empowers human to apply reasoning in an artificial knowledge-based system [13].
Using fuzzy as classification approaches has garnered significant interest including
for attention monitoring application.

Ref. [14] applied the fuzzy interference system to classify the distraction level from
the amplitude of theta, alpha and beta of EEG waveform. The authors are able to clas-
sify the distraction into four different level; neutral, low, medium and high using the
proposed approach.

The use of fuzzy logic approach was also proposed by Ref. [15] to classify the
vigilance state based on the EEG signals. The authors revealed that the fuzzy logic
has potential to classify the vigilance state into three different stages namely ‘Awake;
‘Slow Wave Sleep’ and ‘Rapid Eye Movement’.

Meanwhile, Ref. [16] findings have demonstrated that by using fuzzy classifier, the
driver’s drowsiness level can be differentiated into four levels specifically awake,
drowsy, high drowsy and sleep.

In regards, the research based on fuzzy as attention classifier has become the
benchmark for this paper. This paper will propose the combination of simple averag-
ing (Mean) method and fuzzy system so called as Hybrid Mean Fuzzy (HMF) to pre-
dict the attention level specifically for driver during driving.

This paper is organized as follows. Section 2 describes on the proposed methodol-
ogy for attention detection. In Section 3, the result and discussion are elaborated.
Lastly, Section 4 will conclude and recommend improvement for future work.

2 Methodology

2.1  Attention detection development

The procedures involved in the attention detection development are the method
used for attention detection as well as its hardware implementation. Basically HMF
was used to develop the attention scale to detect the level of attention. The Mean
method will be used in for data analysis and pre classification process while the Fuzzy
approach will be utilized in data classification. In addition, the hardware implementa-
tion with the driver warning system was proposed. Fig. 2 shows the Flowchart of the
whole system of attention detection.
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Fig. 2. The flowchart of attention detection procedure

2.2 Data acquisition

To acquire the EEG signal data, the setup is shown in Fig. 3 which consists of the
human subject, verbal stimulant, bio signal amplifier, Carnersoft driving simulator
and computer for data storing. The verbal stimulant is a radio channel selected by the
subjects as a trigger.

Computer

Subject

Verbal Stimulant

EEG data acquisition

Fig. 3. The setup of the conducted process
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A total of 150 subjects who were normal healthy adults between the age of 18 and
30 years old (mean, p is 23.18 and the standard deviation, ¢ is 2.56) took part in the
study on a voluntary basis. 100 subjects were required to drive the driving simulator
with two different stimulations. The data from the total of the subjects was divided
into two sets of data; training and testing data. The other 50 subjects become the con-
trol variable to justify the collected data. Table 1 shows the number of subjects that
participated with their purpose.

Table 1. Number of subjects who participated

Number of Subjects Task Purpose
50 Drlvmg Wlth two dlffergnt stimulations during driving; with and Training data
without listening to radio
50 Drlvmg Wlth two dlffer.ent stimulations during driving; with and Testing data
without listening to radio
50 Watching video Controlled data

The subjects were asked to drive the driving simulator in normal driving conditions
throughout the recording to avoid any unwanted signals. For controlled data, the sub-
jects were give two conditions to predict the attention level. The first 25 subjects ex-
perienced the same and repeated video to obtain the degrading pattern of EEG wave-
form while the other 25 subjects experience different interesting video to let the sub-
ject stay focused at whole time.

The procedural was conducted on high fidelity in lab driving simulator. The sub-
jects were seated in front of the driving simulator while attached to the electrodes of
EEG as shown in Fig. 4. Both driving and EEG data will be collected simultaneously.

Fig. 4. The procedural of EEG data acquisition
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The subjects were given two different stimulations; with (up to 65dB) and without
(up to 50dB) listening to the radio during the driving. Trigger sound of 1kHz tone was
played throughout the procedure as a time —locked stimulus for both stimulations. The
EEG data was collected using BIOPAC system which the impedance is guaranteed to
be under 5kQ and the bandpass filter is between 4 to 30Hz with sampling frequency
500 Hz.

2.3  Data acquisition

Prior to analysis, pre-processing of EEG signal is crucial to remove all the arte-
facts. The BIOPAC system is set to 50 Hz notch filter to reduce the artifacts in the
collected EEG data. In addition, removing artefacts using the visual inspection
through MATLAB coding was done to finally produce the EEG signal with reduced
artefacts for data analysis.

For data analysis, time domain simple averaging (Mean) approach was used as it is
the simplest yet convincing compared to other methods [17]. The algorithm of
MATLAB was developed to analyze the EEG signal. The averages for every 500
responses of window frames were extracted from the EEG signal where the mean
from the amplitude of complex waveform of the time window containing the desired
ERP component was computed. The time window is determined visually from the
grand average which was computed by averaging at least 100 trials [18]. The proce-
dure of the analyzing ERP wave of EEG signal using simple averaging method is
shown as follows:

Let M represent an average EEG dataset and i is a trial

M=i;{j=12...,N} (1)

Where N denotes the total of trials.

All successful trials were group and averaged. The illustration of mean averaging
method for analysis is shown in Fig. 5. The three samples of averaged trials from ERP
signal were evaluated. This cause the amplitude of ERP was reduced over the stimula-
tion. According to Ref. [19], the assessment of the whole trial was obtained through
the averaging process for each trial in every group. This approach also reduced the
signal to noise ratio and it was able to demonstrate clear ERP wave amplitude accord-

ingly.
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Fig. 5. Plotted EEG signal using simple averaging (mean) approach [20]

The extracted EEG signal from mean averaging approach will be then go through
the fuzzy system, specifically fuzzy rule-based method. This is why the proposed
method called as Hybrid Mean Fuzzy (HMF). According to Ref. [20], fuzzy logic
provides an effective tool for extraction and measurement based on ambiguity and
vagueness data and human perceptions. The algorithm of fuzzy was written in
MATLAB. The inputs for fuzzy are EEG data (post analysis through mean averaging
approach) and the accident score (the score of the driving performance based on the
driving simulator grading). These inputs will generate the result of the attentiveness
condition of the driver using the developed fuzzy algorithm. The block diagram of the
fuzzy rule based for the system is shown in Fig. 6 while Table 2 explains the matrix of

fuzzy.
— Fuzzy —
EEG data + _, | Fuzzfication decision Defuzzification State of
—» — .
Accident block block block attention
score
Fig. 6. Block diagram of Fuzzy rule based
Table 2. Fuzzy matrix inference system
LN SN Sp LP
L [Inattentive State |Onset of Inattentive State |Attentive State Attentive State
M |Inattentive State (Inattentive State Onset of Inattentive State |Attentive State
H [Inattentive State (Inattentive State Inattentive State Onset of Inattentive State

The rule define from the above matrix inference system are as follows:
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a) If the attention level from EEG data is large negative (LN) and the accident score is
low (L) then the output is Inattentive State

b) If the attention level from EEG data is large negative (LN) and the accident score is
medium (M) then the output is Inattentive State

c) If the attention level from EEG data is large negative (LN) and the accident score is
high (H) then the output is Inattentive State

d) If the attention level from EEG data is small negative (SN) and the accident score
is low (L) then the output is the onset of Inattentive State

e) If the attention level from EEG data is small negative (SN) and the accident score
is medium (M) then the output Inattentive State

f) If the attention level from EEG data is small negative (SN) and the accident score
is high (H) then the output is Inattentive State

g) If the attention level from EEG data is small positive (SP) and the accident score is
low (L) then the output is Attentive State

h) If the attention level from EEG data is small positive (SP) and the accident score is
medium (M) then the output is the onset of Inattentive State

i) If the attention level from EEG data is small positive (SP) and the accident score is
high (H) then the output is Inattentive State

j) If the attention level from EEG data is large positive (LP) and the accident score is
low (L) then the output is Attentive State

k) If the attention level from EEG data is large positive (LP) and the accident score is
medium (M) then the output is Attentive State

1) If the attention level from EEG data is large positive (LP) and the accident score is
high (H) then the output is the onset of Inattentive State

3 Results and Discussion

As for individual response, the data for one subject was selected randomly to show
the EEG waveform and the accident score from the driving simulator grading for both
stimulations. Fig. 7 and Fig. 8 show the EEG data and the accident score for driving
without and with stimulation respectively.
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Fig. 7. Individual result of driving without stimulation

As can be seen from Fig. 7, it is apparent that the amplitude of ERP waveform of
EEG is significantly declined over the time. In addition, the accident data from the
driving grading shows the red colour and the grade is only 5 over 10. This result indi-
cates that the driver has failed the driving task. Both results show that the attention of
the driver significantly degrading and the accident might happen.
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Fig. 8. Individual result of driving with stimulation

It is apparent from Fig. 8 that the ERP waveform of EEG signal reveals slight
growth and the driving score show green color with grade of 9 over 10. The results
show that the driver is still vigilant throughout the driving. From both Fig. 7 and Fig.
8, it can be said the listening to radio (with stimulation) may help the driver to stay
focus on the driving. The comparison from both Figures can be expressed in Table 3.

Table 3. Data comparison of individual result

Without Stimulation With Stimulation
EEG data (Mean of ERP amplitude) -6.3441 x 10* 5.94x 10
Accident Score 1 0

From Table 3, it is predicted that an accident might occur when the driver’s atten-
tion degraded (the mean of the ERP amplitude showed negative value) while when
the driver was attentive (positive values of ERP amplitude), the road accident can be
avoided. This finding is consistent with Ref. [19] where they discovered that the com-
bination of submissive and dominant speech helps to increase the driver performance.

The grand average of 100 subjects (training and testing data) was analyzed to
strengthen the individual result as shown above. Fig. 9(a) and Fig. 9(b) show the
grand average without and with stimulation respectively.
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Fig. 9. Grand average of 100 subjects

From Figure 9(a), apparently without stimulation the attention could easily degrad-
ed over the responses. While Fig. 9(b) shows a significant rise interpreted that the
attention driver was in good condition. The morphology of the ERP waveform was
taken into consideration at this part. Thus, Fuzzy method will be used at the next step
for more accurate prediction. By using this HMF approach, the Attention Degradation
Scale (ADS) was successfully developed as a threshold value of attention. To develop
the ADS, the training data (50 out 100 subjects) were used. Fig. 10 shows the devel-
oped ADS in fish bone illustration.

OUTPUT

-6.46E-04

Attention Degradation Scale
Attentive N } } f N
/ 0.00134  -0.000646 -0.00104 /
Fig. 10.Attention Degradation scale (ADS) developed
from HMF approach
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The value towards the negative interprets that the mean different of ERP was de-
creased. It means that the subject attention is degraded which in inattentive state. In
contrast, the value towards the positive reveals that the subject is attentive. While the
middle value point out the onset of the inattentiveness. Based on the results gathered,
37.5% of the subjects were in attentive state, 53.1% were in the onset of inattentive-
ness and another 9.4% were in inattentive state.

Fuzzy algorithm is developed to detect the level of attention. In attentive state, the
level is defined as ‘3’, the onset of inattentiveness is defined as ‘2’ while the inatten-
tiveness state is stated as ‘1’. The testing data were used for attention determination
by utilizing the algorithm with and without the ADS. Fig. 11(a) and Fig. 11(b) are the
output of Individual A and B from the testing data by using the algorithm.
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Fig. 11.With reference to EEG & Attention levels using ADS
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According to Fig. 11(a) and Fig. 11(b), Picture number 1 is referred to as EEG
waveform, picture number 2 is attention level using ADS while picture number 3 is
referred to attention level without ADS. It is apparent from both figures that the level
of attention is change accordingly to the EEG waveform. However, by using ADS, the
attention is able to be detected compared to the one without ADS.

Referred to EEG waveform at Figure 11(b) for example, the attention should be
decreased at response at 100 and increase back at responses of 300. However it cannot
be detected without ADS. By using ADS the changes is detected accordingly.

From 50 testing data, it was found that 52% of the subjects were detected as atten-
tive while 48% were in inattentive state by using ADS. However, without using ADS
the algorithm only able to detect 28% of attentive and 20% are inattentive from the
same testing data. This apparently show that the develop ADS from HMF approach is
more beneficial and able to detect attention much better.

4 Conclusion

The results presented indicate that with stimulation (listening to the radio) can re-
duce the attention loss during driving. In regards of that, the significant and insignifi-
cant attention degrading which reflects to their driving performance has been present-
ed. The attention scale named as Attention Degrading Scale (ADS) has been devel-
oped by using Hybrid Mean Fuzzy (HMF) approach which able to detect three differ-
ent attention state; attentive, onset of inattentive and inattentive state. In order to
check the feasibility of ADS, the validation result with and without using ADS have
been performed. And the results indicate that by utilized ADS the detection percent-
age is higher than without it. However, there are still some limitations to improve
where it can be tested out with real time data.
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