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Abstract—Biomedical signals of human can reflect the body's
task load, fatigue and other psychological information.
Compared with other biomedical signals, electrooculogram
(EOG) has higher amplitude, less interference, and is easy to
detect. In this paper, the EOG signals of operator’s were
analyzed. Wavelet transform was used to remove the highfrequency artifacts. Then fuzzy c-means was adopted to detect
the eye blink peak points of EOG. After that, eye blink interval
(EBI) of operator was calculated. Four EOG features (the
average of EBI, variance of EBI, standard deviation of EBI and
variation coefficient of EBI) were extracted. Finally, the
relationship between EOG features and operator’s fatigue, effort,
anxiety and task load were analyzed. The experimental results
illustrate that EOG features had some relation to the operator’s
fatigue, effort, anxiety and task load respectively.
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INTRODUCTION

Fatigue is a natural physiological phenomenon, which is
related to the operator‘s labor intensity, work environment,
health, mood and so on. It is a kind of self-adjustment and
protection function of human body. In recent years, with the
rapid development of economy and the faster pace of life,
many of the operators continue to work in the state of fatigue
[1,2]. Consequently, many accidents occurred because of
operator fatigue. And also the anxiety and effort level of the
operators can affect their work performance. The operator‘s
performance degradation may be the reason of some serious
disasters, particularly in safety-critical applications. The
assessment of operator mental workload would help predict the
operator‘s periods of high operational risk. Early warning
based on prediction of the operator‘s mental workload is one of
the effective methods to prevent such accidents. Therefore, the

accurate assessment of operator mental workload is the key to
provide early warning successfully.
Current scientific research found that, the human body
contains many types of biological signals which can reflect in
parts the operator‘s fatigue, anxiety, mental workload, etc. [3-5]
After comparing the characteristics of electroencephalogram
(EEG), electrocardiogram (ECG) and electrooculogram (EOG),
the authors analyzed EOG signals of operator‘s. Features of
EOG signals contain eye blink rate, eye blink amplitude,
closing time, eye blink variability, etc. [6] The researchers
thought that EOG is associated with operator‘s mental
workload because eye blink is associated with facial nerve and
the awakening is associated with central nerve. When task load
increases, the visual demand is likely to increase which may
lead to eye blink rate decrease. Simultaneously, the eye activity
may increase. When the operator focuses on the tasks, his/her
eyes blink rate may decrease and the eye blink interval may
increase [7,8]. In [9,10], the authors analyzed the driver‘s eye
blink interval. It is illustrated that when the driver is fatigue,
his/her eyelid ptosis arises, eye blink amplitude decreases. In
other words eye blink interval decreases while closing time
increases.
This paper is to investigate the EOG signals associated with
the operator functional state (OFS), like fatigue, anxiety, effort
and task load. The experimental environment of process
control was designed, and the EOG signals of operators under
multi-level of task loads were sampled. Fuzzy c-means (FCM)
was adopted to detect the eye blink peak points of EOG. And
then EOG features to assess the human fatigue, anxiety, effort
and task load were found through the study of EOG. Thereby,
these indices will be used to predict the functional state of the
operator. Early warning system can be constructed to prevent
accidents which are caused by human factors.
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The rest of the paper is arranged as follows. Section 2
described the data acquisition experiment in details. In section
3, the Fuzzy c-means algorithm is presented. In section 4, the
EOG signal analyzing process and results are illustrated, and
the discussions are presented. Section 5 makes the conclusions
and gives the future works.
II.

EXPERIMENT

A. Data Acquisition
The experiments were carried out on Automation-enhanced
cabin air management system (AUTOCAMS), developed by
Hockey and his colleagues [11] and modified by Lorenz [12].
AUTOCAMS simulates a life support system of a spacecraft. It
requires the subject to manage a semi-automatic system which
is to maintain comfortable atmospheric condition of the cabin.
There are four sub-systems corresponding to four critical
parameters of atmospheric condition (oxygen concentration,
carbon dioxide concentration, temperature, pressure). The
subject was instructed to control some of the sub-systems
manually according to the experimental design.
Subjects were trained on the manual process control tasks
for over 7 hours, followed by a further 5 hour experience of
controlling the system under a range of conditions. After that,
the subjects are regarded as the adept at operating
AUTOCAMS. Three subjects (SA, SB, and SC) participated in
this experiment.
The task of the subject was defined to control some of the
four subsystems so as to maintain their relevant variables
within target ranges. There are 8 control conditions (C1~C8) in
the experiment. The first (C1) and last (C8) conditions are five
minute baseline testing conditions in which the subjects‘ task
was to monitor the operation of AUTOCAMS. The amount of
manually controlled subsystems in other control conditions
(C2~C7) is 1, 3, 4, 4, 3, 1, respectively and each condition lasts
for 15 minutes. For an experimental session, the cyclic loading
method resulted in a loading phase (C2~C4) and an unloading
phase (C5~C7).
Every subject was required to do the experiment for three
times (e.g. SA1, SA2, SA3) at the same time on different days
to avoid circadian effect.
B. EOG Data
The subjects‘ vertical EOG signals were recorded by
Nihon-Koden EEG 1100 physiological recorder from 2 sites,
which are placed above and under the subject‘s right eye and
referenced to linked earlobes. The EOG data were sampled at
500 Hz.
III.

METHODS

A. Fuzzy c-Means
Fuzzy c-means is a data clustering method in which each
data point belongs to a cluster, with a degree specified by a
membership grade [13-15]. FCM partitions a collection of n
vectors X  x1 , x2 , , xn  , where xk   xk1 , xk 2 , , xks  is the
kth vector of X. FCM is based on minimizing an objective
function, which respects to fuzzy membership ‗U‘, and set of

cluster centroids, ‗V‘. The FCM objective function can be
described as,
n
c

m
2
 J m (U ,V )   ik dik

k 1 i 1
(1)

c
n
 s.t.
ik  1; ik  [0,1]; 0   ik  n


i 1
k 1
where, ‗c‘ is the number of clusters. ik is the membership

function of vector xk to the ith cluster. dik 2  xk  vi can be
either Euclidean distance or one of its generalizations such as
Mahalanobis distance. Euclidean distance is used in this study.
2

The steps of the FCM method are explained in brief:
 Firstly, the centers of each cluster V(0) , fuzzy
coefficient ‗m‘, number of cluster ‗c‘ and termination
threshold ‗  ‘ are randomly selected.
 Secondly, the membership matrix U (t ) is computed
with the following equation:
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 Thirdly, the cth cluster centroid is calculated with the
following equation:
n

vi (t  1)   ik (t ) m xk
k 1

n


k 1

ik

(t ) m .

(3)

 The process is stopped if V (t 1)  V (t )   .
In this paper, the FCM algorithm was used to separate EOG
signals into 2 subsets, i.e. the higher amplitude subset and the
lower amplitude subset. Then the eye blink peak of EOG can
be identified.
IV.

RESULTS AND DISCUSSION

The process of EOG analysis is as follows:
1) Denoising. Wavelet Transform was used to remove the
high frequency artifacts of EOG signal. The parameter settings
of wavelet denoising method are: wavelet base: DB4,
decomposition level: 3. Soft threshold denoising method and
unbiased threshold estimation method was adopted.
2) Fuzzy c-means. The EOG signal was divided into two
clusters. The eye blink peak was found in the higher amplitude
cluster. Figure 1 shows the eye blink peak point of EOG
signals. It can be seen that the proposed method can find the
eye blink peak correctly. The eye blink peaks for all the EOG
signals were detected by using the same method.
3) Feature extraction. The eye blink interval was
calculated. Figure 2 shows the mean eye blink interval of 1
minute of SC2. The EBI tends to decrease (increase) when
task load increase (decrease). For the purpose of analyzing the
relation of EOG to OFS, four features of EBI, i.e. average of
EBI (AEBI), variance of EBI (VEBI), standard deviation of
EBI (SDEBI) and variation coefficient of EBI (VCEBI), were
extracted. The value of each feature in each condition was
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calculated to observe its changes in the whole experiment.
Figure 3-6 show the changes of these four features in the
whole experiment of SC2. Figure 7 shows the number of
subsystems under manual control and subjective
measurements in eight control conditions of SC2, respectively.

200

50
40
30
20
10

100

0

1

2

3

4
5
condition

6

7

8

3

4
5
condition

6

7

8

4
5
condition

6

7

8

0

Fig. 4. Variance of EBI

-100
-200
2.6

2.8

3

3.2

3.4

3.6

8

3.8
x 10

4

Fig. 1. The results of fuzzy c-means: line—EOG signal;*—eye blink peak
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The average of EBI, variance of EBI and standard deviation
of EBI decrease when the operator‘s task load increases from
C1 to C4. And these features show the same changes when the
operator‘s task load decrease from C5-C8. It is clear that the
average of EBI, variance of EBI and standard deviation of EBI
has a significant relation to operator‘s task load.

The variation coefficient of EBI increases from C3-C5,
which may be influenced by the operator‘s increasing effort
and anxiety. In C1 and C8, AUTOCAMS runs automatically.
The operator was required to monitor the system. Thus
there wasn‘t any task load for the operator. In C2-C7, the
operator needs to control some of the subsystems. From all the
four features, it could be seen that there are significant
differences between no-load conditions (C1 and C8) and under
load conditions (C2-C7). The difference of features between
C1 and C8 may be caused by the subject‘s fatigue.
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Fig. 7. The number of subsystems under manual control and subjective
measurements

These finds indicate that the changes of task load and
mental workload can be reflected by features of EOG. The
correlative analysis is used to quantitatively analyze the
relationship between EOG features and operator task load,
anxiety, effort and fatigue. Table 1 shows the results of
correlative analysis between EOG features and operator fatigue,
anxiety, effort and task load of SC2. Operator‘s fatigue can be
reflected by variation coefficient of EBI. All these four features
can be indices of operator‘s anxiety. Average of EBI, variance
of EBI and standard deviation of EBI have significant relations
with operator‘s effort and task.
TABLE I.
Operator
Functional
State
Fatigue
Anxiety
Effort
Task

CORRELATION ANALYSIS BETWEEN EOG FEATURES AND
OPERATOR FUNCTIONAL STATE
Average of
EBI
-0.34
-0.72
-0.97
-0.95

TABLE II.
No.
SA1
SA2
SA3
SB1
SB2
SB3
SC1
SC2
SC3

Variance of
EBI
-0.6
-0.77
-0.85
-0.78

Standard
Deviation of
EBI
-0.56
-0.82
-0.93
-0.89

Variation
Coefficient
of EBI
-0.68
-0.76
-0.69
-0.62

SIGNIFICANT EOG FEATURES RELATED TO OPERATOR
FUNCTIONAL STATE

Fatigue

VEBI, SDEBI
AEBI,VEBI
VEBI, SDEBI
VEBI,VCEBI
VEBI,VCEBI
VEBI,VCEBI

The same analysis was done to the EOG signals for all the
subjects. Table 2 shows the top 2 significant EOG features
(P<0.05) for each subject. Variance of EBI is a good index of
operator fatigue. Standard deviation of EBI can reflect the
operator‘s anxiety, effort and task load. It could be seen that
the salient features for different subjects are different owing to
individual difference. For subject SA, standard deviation of
EBI is a salient feature of operator anxiety, effort and task load.
For subject SB, variance of EBI can significantly reflect the
changes of operator fatigue. For subject SC, variance of EBI
and variation coefficient of EBI are significant features of
fatigue and anxiety. Average of EBI can reflect the changes of
effort and task load.

Anxiety
SDEBI,
VCEBI
VEBI, SDEBI
AEBI, SDEBI
SDEBI,
VCEBI

Effort
SDEBI, VCEBI
SDEBI, VCEBI
AEBI, SDEBI

Task load
SDEBI,
VCEBI
VEBI, SDEBI
AEBI, SDEBI

This paper analyzed the EOG signal of operator. Fuzzy cmeans was used to detect the eye blink peak of EOG. Average
of EBI, variance of EBI, standard deviation of EBI and
variation coefficient of EBI were extracted. The relation of
EOG features and operators fatigue, anxiety, effort and task
load was analyzed. Salient EOG features for each subject are
successfully extracted. The experiment results show that it‘s
necessary to assess the operator functional state using personal
salient features. The results of this paper could be used to
identify operator functional sate in future works. Future works
will focus on two areas. First, the authors will do more
experiments and further analysis on EOG, in order to evaluate
the individual differences. Second, models that describe the
relation between EOG features and operator functional state
will be constructed.
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