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It is reported that about 20% of accidents at nuclear power plants in Korea and abroad are caused by
human error. One of the main factors contributing to human error is fatigue, so it is necessary to prevent
human errors that may occur when the task is performed in an improper state by grasping the status of
the operator in advance. In this study, we propose a method of evaluating operator's ﬁtness-for-duty
(FFD) using various parameters including eye movement data, subjective fatigue ratings, and operator's performance. Parameters for evaluating FFD were selected through a literature survey. We performed experiments that test subjects who felt various levels of fatigue monitor information of indicators
and diagnose a system malfunction. In order to ﬁnd meaningful characteristics in measured data consisting of various parameters, hierarchical clustering analysis, an unsupervised machine-learning technique, is used. The characteristics of each cluster were analyzed; ﬁtness-for-duty of each cluster was
evaluated. The appropriateness of the number of clusters obtained through clustering analysis was
evaluated using both the Elbow and Silhouette methods. Finally, it was statistically shown that the
suggested methodology for evaluating FFD does not generate additional fatigue in subjects.
Relevance to industry: The methodology for evaluating an operator's ﬁtness for duty in advance is proposed, and it can prevent human errors that might be caused by inappropriate condition in nuclear
industries.
© 2019 Korean Nuclear Society, Published by Elsevier Korea LLC. This is an open access article under the
CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

Keywords:
Fatigue
Eye tracking
Fitness for duty (FFD)
Clustering analysis

1. Introduction
The performance of human operators is a crucial factor that
determines the safe operation of nuclear power plants (NPPs). The
operation performance information system (OPIS) of Korea Institute of Nuclear Safety (KINS) revealed that 91 (20.4%) of the 447
NPP incidents that occurred in Korea between 1993 and 2018 due to
human error [1]. The Institute of Nuclear Power Operations (INPO)'s
operating experience database reveals that about 48% of the total
incidents in NPPs throughout the world during 2 years
(2010e2011) occurred as a result of human error.
One of the main factors contributing to human error is fatigue.
Fatigue degrades human performance. The degree to which fatigue
affects an individual can range from slight to catastrophic [2]. According to Ref. [3], fatigue ﬁrst effects timing, then economy of
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action-fatigued workers tend to work with greater difﬁculty and
lower performance. Fatigue has been regarded as the primary cause
of many major accidents such as Bhopal, Exxon Valdez, Three Mile
Island, and Chernobyl [4].
The US Nuclear Regulatory Commission (NRC) judged that fatigue is an important factor leading to human error, and developed
the document 10 CFR Part 26 to manage operator fatigue in NPPs,
improve task efﬁciency, and prevent human error [5]. It is necessary
to judge the status of an operator and evaluate his or her ﬁtness for
duty (FFD) technically before he or she performs work. However,
fatigue is currently assessed by subjectively evaluating an operator's ﬁtness for duty or by measuring a certain bio-signal. There are
also no studies to evaluate the operator's FFD with various variables
considering the characteristics of the NPP operator's task. Therefore, in this paper, we extracted suitable measures for evaluating
FFD from the literature; then, an experiment was conducted to
collect data to suggest an FFD evaluation method. Finally, using
data from the experiment, we applied a clustering technique in
order to classify an operator's FFD in various aspects. The FFD
evaluation methodology will be able to identify to which cluster an

https://doi.org/10.1016/j.net.2019.10.024
1738-5733/© 2019 Korean Nuclear Society, Published by Elsevier Korea LLC. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/
licenses/by-nc-nd/4.0/).

M.K. Choi, P.H. Seong / Nuclear Engineering and Technology 52 (2020) 984e994

operator belongs without any induction of additional fatigue before
he/she begins working.
The rest of this paper is organized as follows. Section 2 presents
the literature survey on FFD evaluation methods and the selection
of suitable measures for evaluating NPP operator's FFD. Section 3
presents the experiments conducted for data collection to
develop an FFD evaluation methodology. In Section 4, the developed FFD evaluation methodology using a clustering algorithm is
addressed. Section 5 includes a discussion of the results that
emerged during the study and an overall summary of this work.
2. Selection of measures for evaluating FFD in NPPs
Under the Americans with Disabilities Act (ADA), as amended,
“Fitness for duty” refers to the physical and/or mental ability of an
employee to safely perform the essential functions of his or her job.
Fatigue refers to an extreme degree of tiredness that could result
from overwhelming oneself mentally, physically, or both. FFD encompasses the physical and mental suitability of individual operators to given tasks. Evaluation of FFD is an assessment, requested
by an employer, to determine if a current employee is or is not able
to perform essential job functions because of the physical and/or
mental conditions. In this section, related works on FFD evaluation
are surveyed, and suitable measures for developing a methodology
to evaluate the FFD of human operators in NPPs are selected.
2.1. Literature survey on FFD evaluation
The assessment of individual fatigue using electroencephalography (EEG) has been studied [6]. tried to investigate various
physiological associations with fatigue to try to identify fatigue
indicators. The study assessed the four electroencephalography
(EEG) activities, delta (d), theta (q), alpha (a), and beta (b), during a
monotonous driving session in 52 subjects (36 males and 16 females). Various combinations of multiple-brainwaves were also
assessed as possible indicators for fatigue detection. The goal of
research by Ref. [7] aimed to analyze the EEG alpha power changes
in partially sleep-deprived drivers while performing a simulated
driving task. The study concluded that variations in alpha power
could be good indicators of driver mental fatigue, but for its use as a
countermeasure device, further investigations are needed [8].
investigated whether prefrontal brainwave can be used to detect
driver's fatigue. They conducted experiments with 13 student
subjects with driving experience. They collected EEG data in a virtual driving environment and categorized the data according to
whether it showed a normal state or a fatigue state. They used fuzzy
entropy for features and support vector machine for classiﬁcation.
As a result, they concluded that the EEG classiﬁcation could be used
to detect fatigue, although the accuracy was not the best.
Research for assessing individual fatigue using ocular parameters has also been studied [9]. assessed the use of ocular parameters
as an objective screening tool to evaluate a driver's ﬁtness for duty.
They tested 29 army truck drivers and measured ocular parameters.
They conclude that the ocular parameters may serve as a screening
tool for drivers that are at high risk for driving and drivers who have
been disqualiﬁed even once tend to be involved in more motor
vehicle accidents than their peers are [10]. tried to develop a
ﬁtness-for-duty test based on eye movement measurements and on
the sleep/wake predictor model (SWP), which predicts the sleepiness level and evaluates the ability to predict severe sleepiness
during road driving. They found that the SWP and several eye
movement features varied signiﬁcantly with different stages of
sleep deprivation [11]. proposed a model to detect fatigue in
younger and older adults in natural viewing situations. They
collected eye tracking data from both young and older people when
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they watched video clips before and after performing cognitive
tasks. The accuracy of the model was up to 13.9% better than that of
the previous model [12]. obtained eye movement patterns of NPP
operators through simulator-based experimental studies. Two eyetracking measures of attentional-resource effectiveness in monitoring and detection tasks in NPPs have been developed. One of the
two measures is the ﬁxation-to-importance ratio (FIR), which
represents the attentional resource (eye ﬁxations) spent on an information source compared to the importance of the information
source. The other measure is selective attention effectiveness (SAE),
which incorporates the FIRs of all information sources. They
concluded that the two developed measures could be applied to
monitoring of an operator's attention status.
Recent studies have focused on identifying the relationship
between a particular measure and an individual's fatigue or on
developing new methods to measure fatigue. There are no studies
to evaluate the operator's FFD with various variables considering
the characteristics of the NPP operator's task.
2.2. Selection of measures for evaluation of FFD
Generally, there are three kinds of FFD evaluation. Bio-signal
measurement, self-assessment using subjective questionnaires,
and personal performance measurement through test are used to
evaluate fatigue. There are advantages and disadvantages to the
methods of measuring physiological signals, using a subjective
rating technique, and measuring a subject's performance to evaluate operator FFD. Since a single measure does not take into account various aspects of the FFD evaluation of the operator, it is
necessary to combine several metrics that address different aspects
of fatigue to compensate for the disadvantages of each method and
to achieve better performance [13]. Therefore, in this study, three
measures involving bio-signal measurement, self-assessment
through a subjective questionnaire, and personal performance
measurement were selected and used to evaluate operator FFD.
Currently, EEG measurement and eye-tracking measurement
techniques are widely used for assessing cognitive load or detecting
fatigue. EEG has some advantages, such as high accuracy, but it is
rather time consuming to apply EEG sensors to the scalps of the
individuals. On the other hand, eye-tracking measurement is nonintrusive on operator activities, and it is simple and easy
compared to EEG measurement [14]. Considering the characteristics of the digitalized main control room in an NPP, where there are
many monitoring tasks and most of the information is obtained
through the operator's gaze, it is appropriate to evaluate operator
status using an eye-tracking system rather than other approaches
[15,16]. NUREG/CR-7156, which is the technical report concerning
FFD in nuclear power industry and discusses technologies relevant
to the detection and management of both drug use and fatigue, also
mentions that technology using oculometrics is excellent for
measuring fatigue [17].
According to research survey, saccadic eye movements are
widely used to predict human drowsiness or mental status. A
saccade is a quick, simultaneous movement of both eyes between
two or more phases of ﬁxation in the same direction. Saccades
indicating rapid eye movements are important to navigating the
visual information, from reading and interacting with objects to
performing demanding visual monitoring tasks such as aviation or
nuclear system control [18]. Drugs and fatigue cause decreased
activation of the central nervous system, and lower saccadic velocity [19]. Many researches have insisted that there is a relationship between mental fatigue or attentional state and saccadic eye
movement [20]. There is a possibility that subjective fatigue from
long and cognitively demanding works, as well as certain neurological problems, may affect saccadic metrics lowering arousal [21].
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It is also well known that sleep deprivation reduces peak and mean
saccadic velocity [10,22]. Thus, we selected various parameters
related to saccadic eye movement related such as saccade index,
saccadic amplitude, and saccadic directions. We selected parameters related to eye ﬁxation as well as parameters related to saccadic
eye movement. Many researchers have insisted that mental status
or cognitive performance can be revealed by analysis of eye ﬁxations during a task. The length of one ﬁxation is usually an indication of information processing or cognitive activity. It is possible
to judge whether people are concentrating or not by analyzing how
much they focus on Areas of Interest (AOI) [23]. People who are
tired can look at information in AOIs in a daze or look at information they do not need because they cannot concentrate. The status
of a person can be grasped through information related to that
person's eye ﬁxations [12]. Finally, several eye movement-related
parameters that have a relationship with the fatigue of individuals have been selected as shown in Table 1.
Fatigue is a dominant factor that degrades human performance
[2]. Reason [4] states that fatigue causes the reverse of the learning
process efatigue causes people to rely more on their working
memory rather than on their long-term memory for task completion. Thus, fatigue must be assessed in evaluating FFD. There is no
universally accepted standard for fatigue assessment and different
studies have utilized different scales for fatigue assessment [24].
Most questionnaires for evaluating fatigue ask about current fatigue conditions as well as fatigue status over the last month or
several weeks. However, in this study, it was judged that such
measures are not appropriate because we want to grasp the current
state of the operator. Thus, as a subjective rating technique, we
selected the fatigue evaluation questionnaire proposed and standardized in 1970 by the Japan Society of Occupational Health and
Industrial Fatigue Research Committee, which asks only about an
individual's current fatigue condition, and it is regarded that it is
suitable for the purposes of this study. The selected subjective
questionnaire for fatigue consists of 10 items on physical fatigue, 10
items on mental fatigue, and 10 items on nerve sensory fatigue.
“Strongly agree’ is rated 5, and “Strongly disagree” is rated 0. The
score ranged from 0 to 150, and the higher the score is, the higher
the degree of fatigue is.
Measuring fatigue and physiological signals alone cannot assess
an individual's ﬁtness for duty in various interpretations. Even if an
individual is feeling high fatigue, the individual may be able to
perform the work correctly, while the individual may feel low fatigue but may be inaccurate. In order to evaluate individual's FFD,
the performance due to the individual's condition needs to be taken
into account. That is, it is necessary to evaluate whether the
cognitive accuracy is low enough to cause problems in performing
tasks due to the current condition. To evaluate the FFD of an
operator in terms of measuring performance, both cognitive accuracy and task accuracy were selected as parameters. Task reaction
time can also predict an individual's drowsiness, but it is important
for operators in NPPs to recognize information accurately within a

certain time rather than to perform tasks very rapidly. Therefore,
both cognitive ability and diagnosis accuracy were regarded as
performance parameters in this study.
3. Experiments for data collection to develop FFD evaluation
methodology
In order to develop a ﬁtness for duty evaluation methodology,
we performed experiments that subjects conduct monitoring indicators, which are tasks in the main control room in an NPP.
Subjects had majored in nuclear engineering, who had various
levels of fatigue. The parameters involving data related to eye
movement, subjectively assessed fatigue, and the accuracy of information perceived by subjects were measured in experiments.
3.1. Participant & equipment
Both a Compact Nuclear Simulator (CNS) and Tobii pro X3-120eye tracker (bar-type) were used for experiments as shown in Fig. 1.
The interface of the CNS is fully digitalized to make the experimental environment similar to an advanced Main Control Room
(MCR). Total number of participants is 40 and they are majoring in
nuclear engineering at Korea Advanced Institute of Science and
Technology (KAIST). Total participants were forty. Thirty-one participants were male and the other nine participants were female.
All the participants took classes of System Engineering of Nuclear
Power Plants in KAIST and they knew how nuclear power plants act.
They not only knew knowledge about NPPs but also had experience
of the NPP operation simulator used in this study. In order to prevent committing errors due to unfamiliarity about the system, we
gave enough education to all participants before starting an
experiment. For the precise measuring eye movement data, we
invited only participants who did not wear glasses. We uploaded
this experimental plan on the KAIST websites and invited forty
participants who were feeling from slight to severe fatigue. Some
participants had had no sleep for a whole day; other participants
had serious concern or extreme physical fatigue.
3.2. Experimental process
Participants performed self-assessment of their fatigue using
the subjective fatigue questionnaire before conducting the experiment. Participants had enough time to get familiar with the
simulation screen and the location of the instrument in advance of
the experiments. Before an eye-tracking recording was started,
every participant was taken through the calibration procedure.
‘Pressurizer Safety Valve (SV) stuck open’ malfunction is loaded
into the simulator, and participants monitored the information on
the Man-Machine Interface (MMI) screen for a few minutes. Participants checked changes of indicators on a checklist, and then
they diagnosed malfunctions according to the information they had
gathered during the experiments. Participants again performed

Table 1
The selected parameters related to eye movement [10,12,18e23].
Selected Eye Movement Parameters

Explanation

Saccade Index
Saccadic Amplitude
Absolute Saccadic Direction
Relative Saccadic Direction
Fixation Index
Fixation Count
Fixation Duration
Visit Duration
Percent ﬁxation on AOIs

Total number of saccades on screen
Distance in visual degrees between the previous ﬁxation and the current ﬁxation
Direction (degree) of saccade between current ﬁxation and previous ﬁxation
Difference direction (degree) between the absolute saccadic direction of the current and previous saccade.
Total number of ﬁxations on screen
Number of ﬁxations within AOIs
Duration of ﬁxations within AOIs
Duration of visits within an AOI
Percentage of ﬁxation for AOIs during full ﬁxation
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Fig. 1. Experimental environment & equipment.

self-assessment of their fatigue after the experiment.
3.3. Data collected from the experiments
The following data were measured through this experiment.
Data related to saccadic eye movements (saccade index, saccadic
amplitude, absolute saccadic direction, relative saccadic direction)
were measured. Data related to AOIs and eye ﬁxation (ﬁxation index, ﬁxation count, visit count, ﬁxation duration, visit duration,
percent ﬁxation on AOIs) were measured. The AOIs on the screen of
the CNS simulation were set as shown in Fig. 2 below.
Additionally, Subjective Symptoms of Fatigue Test (The test is
given with a checklist designed by the Industrial Fatigue Research
Committee of the Japanese Association of Industrial Health) was
given to subjects in both before testing and after testing. The reasons for measuring subjective fatigue both before and after the test
are described in section 4.4.
A checklist asking for changes in the information in the AOI was
given to the subject as shown in Fig. 3, and then the subjects diagnosed the malfunction case using the checklist as shown in Fig. 4.
Through the checklist in Fig. 3, how participants perceived information about the AOIs could be identiﬁed, and their cognitive accuracy
about the information was obtained as a percentage of correct answers. Through the checklist in Fig. 4, success or failure of malfunction
diagnosis was measured. If participants diagnosed a malfunction in
wrong or the absence of a diagnosis, it was regarded as failed.
Both data related to saccadic eye movement and data related
gazes on AOIs are exported using Tobii studio software as shown in
Fig. 5. The data measured from each subject is exported in excel ﬁle
format. Combining these data with subjectively rated fatigue and
accuracy of information, we summarized all the data for each subject. However, it requires much effort to analyze a data set that
contains a large number of parameters measured through manual
analysis. It is also difﬁcult to analyze what characteristics each
subject has and whether they show different features compared
other subjects by using traditional statistics. Therefore, in this study,
we tried to classify the subject's status, and to evaluate FFD using a
cluster algorithm. In next Section 4, cluster analysis to classify the
collected data and validation of the analysis result are presented.
4. Development of FFD evaluation methodology using
clustering algorithm
4.1. Selection of data clustering analysis method
The clustering analysis technique is a method for classifying

similar groups by measuring the similarity using the distance
function of each data. It is used to classify objects with diverse
characteristics without explicit criteria or with unknown characteristics [25]. There are two types of data clustering. The ﬁrst is
hierarchical clustering; the other is partitional clustering. Hierarchical clustering, as the name suggests is an algorithm that builds a
binary tree of the data that successively merges similar groups of
points, called a dendrogram. The hierarchical clustering analysis
has advantages of easily interpreted graphical representation.
Because partitions can be visualized using a tree structure, analyzers can interpret the characteristics of the data easily. The hierarchical clustering technique does not require the number of
clusters as input. It is appropriate to use hierarchical clustering
techniques involving distance of data without knowing the number
of the clusters in advance to judge cluster similarity. On the other
hand, partitional clustering has the advantage of simple and fast
analysis. It yields good results when data sets are distinct or well
separated from each other, but it strongly depends on initial seeds
such as the number of clusters. If inaccurate initial inputs are used
for the ﬁrst step of data analysis, it can cause the splitting or
merging of clusters even if the clusters are well divided. It is
appropriate to use partitional clustering when the number of
clusters in the data is well known in advance.
However, in this study, the exact number of clusters in the data
was not obtained in advance, and so the hierarchical clustering
technique was used to analyze the obtained data and to ﬁnd the
features because it does not require us to pre-specify the number of
clusters to be generated as is required by partitional clustering
approach. Furthermore, hierarchical clustering has an added
advantage over partitional clustering in that it results in an
attractive tree-based representation of the observations, called a
dendrogram. In this clustering analysis, data similarity was
analyzed using Euclidean distance of data. Ward's Minimum Variance method was used for clustering. With this method, groups are
formed so that the pooled within-group sum of squares is minimized. That is, at each step, the two clusters are fused which result
in the least increase in the pooled within-group sum of squares.
Clustering analysis of the obtained data was conducted through
computer programming with R language, which is one of the most
popular languages used in statistical computing and data analytics.
4.2. Results of clustering analysis and discussion
The data obtained through the experiment were analyzed using
a hierarchical clustering algorithm; Fig. 6 shows the results of
clustering analysis. The similarity and characteristics of the data
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Fig. 2. Set of AOIs on the screen of the CNS simulation.

Fig. 3. Checklist for the change of indicators.
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Fig. 4. Checklist for diagnosis of malfunction.

Fig. 5. Eye movement-related data export using Tobii Studio software.

were analyzed and data were classiﬁed into four clusters. Average
values of measured parameter for each cluster are shown in Table 2.
The analyzed characteristics of each cluster and FFD evaluation for
people belonging to each cluster are shown in Table 3. The characteristics of each cluster were qualitatively evaluated along with
quantitative values of each cluster.
What subjects in each cluster had a tendency compared to the
total of subjects were analyzed. The characteristics of each cluster
were qualitatively evaluated along with quantitative values of each
cluster.

People classiﬁed as cluster 1 have the following characteristics.
They did not feel fatigue. They recognized the information of indicators very accurately, and they accurately diagnosed malfunctions based on information they gathered. The saccadic eye
movement of the cluster 1 was measured less than that of cluster 3
and 4, but more than cluster 2, which felt severe tired. They did not
show dull eye movements due to severe fatigue, as well as hasty eye
movements unlike other clusters. They calmly recognized the information of AOIs. The percent ﬁxation on AOIs of them is higher
than that of other clusters, and it seems that they focused on Area of
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Fig. 6. Result of a hierarchical clustering analysis.

Table 2
Average value of parameters for each cluster.
Parameter

Average value
Cluster 1

Cluster 2

Cluster 3

Cluster 4

Saccade Index (count)
Saccadic Amplitude (degrees)
Absolute Saccadic Direction (degrees)
Relative Saccadic Direction (degrees)
Fixation Index (count)
Fixation count (count)
Fixation Duration (seconds)
Visit Duration (seconds)
Percent ﬁxation on AOIs (%)
Fatigue score (score)
Cognitive accuracy (percentage)
Success rate of malfunction diagnosis (percentage)

334
2.8
172.6
194.1
213
159
61.7
69.2
75.8
36.1
88.6
90.9

283
2.62
182.0
185.1
200
137
65.0
70.7
68.9
95.0
56.5
44.4

513
2.75
175.7
189.0
264
187
51.3
60.2
70.8
73.0
65.5
71.4

528
2.66
167.8
191.3
261
128
34.0
38.5
48.9
70.7
58.3
50

Table 3
Characteristics of each cluster and Evaluation.
Clusters

Characteristics

Evaluation

Cluster 1

-

Most suitable for work.

Cluster 2

Cluster 3

Cluster 4

Low fatigue
Good cognitive ability
Moderate Saccadic eye movement
Good Focusing on AOIs
Accurate diagnosis of malfunction
High fatigue
Poor cognitive ability
Low Saccadic eye movement
Little focusing on AOIs
Inaccurate diagnosis of malfunction
Moderate fatigue
Moderate cognitive ability
High Saccadic eye movement
Good focusing on AOIs
Somewhat accurate diagnosis of malfunction
Moderate fatigue
Poor cognitive ability
High Saccadic eye movement
Poor focusing on AOIs
Inaccurate diagnosis of malfunction

Most unsuitable for work.

Somewhat suitable for work, but in a state of feeling somewhat workload.

Does not feel very high fatigue, but considered unsuitable for work because considered to be
in a state of considerably higher workload.
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Interests (AOIs) very well and effectively. This means that people
belonging to cluster 1 did not feel fatigue and efﬁciently perceived
the information they were monitoring. Therefore, people classiﬁed
in cluster 1 are judged to feel little fatigue and to have very good
cognitive ability, so FFD of cluster 1 is evaluated as very good.
People classiﬁed as cluster 2 have the following characteristics.
They felt severe fatigue. They recognized information of indicators
inaccurately, and they could not diagnose malfunctions well based
on the information they gathered. Although they tried to focus on
AOIs, the accuracy of the information they recognized was very low.
It is considered that they were very tired and tried to work in a state
of low cognitive ability. Because of their severe fatigue, saccadic eye
movement was observed to a lesser extent than it was for others,
and this means that their gaze movement was very dull. People in
cluster 2 feel a lot of fatigue, which makes the movement of the
eyes very slow and ultimately means that they hardly recognize the
information accurately. Therefore, people classiﬁed in cluster 2 are
judged to feel severe fatigue and to have poor cognitive ability, so
FFD of cluster 2 is evaluated as bad.
People classiﬁed as cluster 3 have the following characteristics.
They felt moderate fatigue. They tried to recognize the information
of indicators in AOIs, and they were able to diagnose malfunction
well but not as good as cluster 1. Very much saccadic eye movement
was observed in cluster 3, and this means that people classiﬁed as
cluster 3 tried to recognize the information and felt a high cognitive
workload. People in cluster 3 did not feel physical fatigue. They
tried to check AOI from time to time and changed very much the
point of stare. However, both the cognitive accuracy in perceiving
information and the success rate of malfunction diagnosis were not
as good as those of cluster 1. Therefore, it means that they felt a
little fatigue and actively tried to monitor various information, but
they feel some cognitive workload. Thus, this cluster includes
people who are somewhat suitable for work, but it is necessary to
manage their workload through education and training.
People classiﬁed as cluster 4 have the following characteristics.
They felt moderate fatigue. Very much saccadic eye movement was
observed, and this means that they moved very fast and focused
their attention. However, both the cognitive accuracy in perceiving
information and the success rate of malfunction diagnosis were
poor. They did not even focus on AOIs. People classiﬁed in cluster 4
are judged to feel normal fatigue, but they have poor cognitive
ability at that time due to high cognitive workload. It means that
they felt some physical fatigue, they were not fully focused on the
task, and cognitive abilities were in a degraded state. Thus, it is
considered unsuitable for people in cluster 4 to work, and it is
necessary to manage them to reduce their workload.
This study suggests a methodology for evaluating personal FFD
using multi-parameters consisting of eye movement data, fatigue
score, and task performance. Fatigue was assessed using questionnaires rather than objective measures. In a real situation, some
people might answer inaccurately when they ﬁll out a questionnaire due to a subjective feeling. Although they feel high fatigue, if
their eye movements are effective and the task performance is also
good, their FFD might be evaluated as good. That implies that they
overestimated their fatigue due to a subjective feeling. The suggest
methodology uses personal eye movement and gaze as parameters
for evaluating FFD. There might be someone who deliberately does
not focus on the task or someone who maliciously does not monitor
information in AOIs. If the data in various cases are updated, a new
cluster will be created that reﬂects these characteristics.
4.3. Validation of the analyzed clusters: optimal number of clusters
According to the result of clustering analysis, there were four
clusters having each different feature. However, it is necessary to
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validate that the clusters are properly divided. It is needed to check
whether the number of the divided clusters is optimal and appropriate. In Section 4.3, the optimal number of clusters is validated
though both Elbow method and Silhouette method.
4.3.1. Elbow method
The Elbow method is a method of interpretation and validation
of consistency within cluster analysis; it is designed to help ﬁnd the
appropriate number of clusters in a dataset.

Wk ¼

k
X
1
Dr ;
2n
r
r¼1

(1)

where
k ¼ the number of clusters,
nr ¼ the number of points in cluster r,
Dr ¼ the sum of distances between all points in a cluster
The Elbow method looks at the total within sum of square as a
function of the number of clusters: One should choose a number of
clusters so that adding another cluster does not improve much
better the total within sum of square. The location of a bend in a
plot is generally considered as an indicator of the appropriate
number of clusters. The number of clusters is chosen at this point,
hence the “elbow criterion” [26].
According to the results of Elbow method, it is determined that
four clusters is the appropriate number for the data, as shown in
Fig. 7. However, this method often has ambiguous criteria when
setting the optimal number of clusters. Therefore, in section 4.3.2,
the optimal number of clusters was checked using another validation technique.
4.3.2. Silhouette method
For validating the result of clustering analysis, the silhouette
method that is one of the most popular methods to select the right
value of the number of clusters was used. Silhouette analysis
measures how well an observation is clustered and it estimates the
average distance between clusters. The silhouette plot displays a
measure of how close each point in one cluster is to points in the
neighboring clusters. For a given point i in a cluster A, the silhouette
of i, S(i) is deﬁned as

SðiÞ ¼

bðiÞ  aðiÞ
;
maxfaðiÞ; bðiÞg

(2)

where
a(i) ¼ The average dissimilarity of ith data point with all other
data within the same cluster,
b(i) ¼ The minimum average dissimilarity of ith data point to
any other cluster which i is not a member.
The S(i) is between 1 and þ1. If S(i) value is þ1, then it shows
the data point is correctly clustered and its value is near to 1 then i
would be more appropriate if it was clustered in its neighboring
cluster. The average of all silhouettes in the data is called the
average silhouettes width for all points in the data set [27]. The
average silhouette method computes the average silhouette of
observations for different values of k. A high average silhouette
width indicates good clustering. The optimal number of clusters k is
the one that maximizes the average silhouette over a range of
possible values for k [28].
As shown in Fig. 8, it was revealed that the optimal number of
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Fig. 7. Validation of number of clusters through Elbow method.

clusters by Silhouette method is four as same as that by Elbow
method in section 4.3.1. Therefore, it is considered that the data is
properly classiﬁed into four clusters through hierarchical cluster
analysis.

4.4. Evaluation of impact of FFD test on operator fatigue
The FFD evaluation method should not generate more fatigue to
human subject during testing. In order to assess the effect of the
methodology on operator fatigue, we measured fatigue two times,
right before testing and right after testing. Fig. 9 shows the before
and after comparison of fatigue.
Statistical T-test was conducted to show the effects of testing. As

a result of statistical analysis of fatigue before testing and fatigue
after testing as shown in Table 4, it is determined that the suggested
ﬁtness for duty evaluation method does not affect operator fatigue,
because the P-value is 0.146 (>0.05), which means that there is no
statistical difference between fatigue before testing and fatigue
after testing. It is considered that the ﬁtness for duty can be evaluated in a short time without causing additional fatigue to the
operator before the actual work begins.

5. Conclusion
This study provided a method for evaluating ﬁtness for duty
using multiple parameters taking into account the characteristics of

Fig. 8. Validation of number of clusters through Silhouette method.
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Fig. 9. Before and after comparison of fatigue.

Table 4
Results of statistical analysis of impact of experiments.
Numerical value
Number of data
Correlation coefﬁcient
Probability value (P-value)

40
0.923
0.146

NPP operation tasks and clustering models. A method for evaluating FFD using hierarchical clustering method was suggested in
this paper. As a result, four clusters were classiﬁed and the characteristics of each cluster were evaluated. Cluster 1 was evaluated
to have the best ﬁt for task performance; cluster 3 was evaluated to
have good FFD, but it was thought that management of workload
was necessary. On the other hand, cluster 2 was evaluated as the
most unsuitable for work. Cluster 4 was also evaluated as not
suitable for work because these subjects were considered to feel
high cognitive workload, even if they did not feel much fatigue. The
FFD evaluation methodology will be able to identify to which
cluster an operator belongs without any induction of additional
fatigue. This study is characterized by the ability to evaluate FFD
using multi-parameters considering features of NPP operation with
various interpretation about the evaluation of FFD.
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