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Abstract. In this paper, we used signal detection theory (SDT) as a tool to
evaluate human performance in a multitasking environment. The primary
objective of using SDT is to assess an operator’s sensitivity (d’) and bias (b). In
addition, NASA-TLX was used to measure participants’ workload under dif-
ferent complexity scenarios. During the experiment, participants were asked to
detect abnormal and alarm signals on a gauge monitoring display. They also
needed to perform multi-attribute task battery (MATB) tasks at the same time.
The gauge-monitoring screen contains total 52 gauges (flow, level, temperature,
and pressure). The MATB consists of system monitoring, target tracking, and
dynamic resource management. The results of this study demonstrate that par-
ticipants showed various levels of sensitivity (d’) in the gauge-monitoring task
based on the degree of task complexity.

Keywords: Signal detection theory � Human-in-the-loop simulation � Mental
workload

1 Introduction

Operators who perform tasks under supervisory control continuously keep track of new
and high priority events (Ratwani et al. 2010). The control room environment in oil and
gas refineries is one example of this. The room consists of multiple, complex
human-machine systems. The operator must observe numerous different control loops
while concurrently performing other attention-demanding tasks (Kim et al. 2015; Noah
et al. 2014). Although the systems generate lots of data, the amount of information
transmitted to the operator is always smaller than the stimulus information. Hence, it is
necessary to understand how the operators reform their detectability, under a multi-
tasking environment, to improve control conditions and avoid mistakes caused by
missing the critical information. According to the previous research done by
Pashler (1994), multitasking is one of the main causes of increasing human errors and
reaction time. The multitasking environment results in degradation of information to the
operator. Swets and Biedsall’s (1955) found that humans who are working with multiple
displays are making their choices among a number of signal alternatives. In addition, a
cooperative multitasking involves task switching activities, which causes a higher error
rate and slower reaction time during the tasks (Spector and Biederman 1976).
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In this study, we examined an impact of the complexity level in a multitasking
environment (primary task: gauge monitoring task, secondary task: MATB). The signal
rate of the gauge monitoring task was used to design the different levels of complexity.
Each task requires a different cognitive resource, such as visual searching, target
tracking, and diagnostic control. To conduct the experiment, a human-in-the-loop
(HITL) simulation was used. A set of gauges shapes of flow, level, pressure, and
temperature were used and underlay the design of the overview display (OD) that
represents an actual refinery’s operations (Bullemer et al. 2009). The HITL experiment
allowed us to observe participants’ direct responses and activities generated by char-
acteristic functions of the given task. The activities comprised detecting abnormal
events in a continuous gauge monitoring task. We applied SDT to measure human
performance in a multitasking environment. SDT evaluates the psychometric function
that describes how performance increases with stimulation degrees (García-Pérez and
Alcalá-Quintana 2011). It measures an individual’s ability to detect signals in a
dual-task environment. The outcomes of SDT consist of Hit, Miss, False Alarm, and
Correct Rejection. Using the outcome data, we will be able to calculate operator
perceptual sensitivity (d’) and operator bias, (b) (Walker and Brewster 2000). Operator
bias is defined as the likelihood that a participant will favor one direction as opposed to
the other, whereas sensitivity measures operator accuracy in differentiating the signal
from the noise (Lerman et al. 2010). In addition, NASA-TLX was used to measure
participants’ workload during the experiment. NASA-TLX is a multi-dimensional
rating task that measures an overall workload score in a dynamic environment.

The goal of this study is to investigate operator sensitivity, bias, and workload in a
multitasking environment. The findings are not only beneficial for understanding
operator behavior but also developing an operator decision-making model in a multi-
tasking environment.

2 Methods

2.1 Participants

A total of 18 university students participated in this study. Participants included
undergraduate and graduate students. The average age was 22 for male students and 23
for female students (M = 22.61, SD = 4.36). 45 % of participants were male and 55 %
were female. Every participant had normal vision and no upper-body impairments that
may have limited the use of a mouse as an interface.

2.2 Apparatus

To create a more realistic assessment in a multitasking environment, the gauge mon-
itoring human-in-the-loop (HITL) simulation was used as a primary task (Kim et al.
2014). It contained five functional areas to represent all the major gauges (see Fig. 1).
Each gauge showed different colored-outlines to indicate a normal, abnormal, or alarm
state (see Table 1). We also used the multi-attribute task battery (MATB) as a second
task. It consists of system monitoring, tracking, resource management, communication,
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and scheduling task, but the communication task was deactivated during the experi-
ment (see Fig. 2). Every experimental scenario was developed based on the actual
refinery’s operation. Participants experienced two levels of complexity scenarios (low
and high) during the experiment. The total number of events in the high complexity
scenario category was twice as large as the low complexity scenario category.

There were 12 alarm events of low complexity and 24 alarm events of high
complexity. Moreover, the MATB was used to keep the balance of complexity in each
scenario. For example, when the number of alarm events decreased, the number of
events in the MATB increased.

3 Procedure

The experiment was conducted as a two-factor experiment with repeated measures
(within-subject factors: scenario complexity and day), and a multi-session study, which
would be continued for five days. Day 1 was a training session, and Day 2 and 3 were

Table 1. Examples of different gauge states

Gauge Contour Color Alarm Type

Abnormal
(dark blue colored-line)

Low Alarm
(yellow colored-line)

High Alarm
(blue colored-line)

Hi-Hi Alarm & Lo-Lo Alarm
(red colored-line)
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practice sessions. The data from Day 4 and 5 was used to analyze operator’s sensitivity
and bias. A statistical model was developed to analyze the performance under different
complexity scenarios. Day 1 required 60 min for an introduction of initial training
trials. Day 2 and 3 involved additional practice tests to ensure that participants were

Fig. 1. The gauge monitoring HITL simulation

Fig. 2. MATB display

Sensitivity, Bias, and Mental Workload 13



fully aware of all tasks. Day 4 and 5 were considered the actual experiment days in
order to collect the performance data for the assessment of learning.

The first step of Day 1 was a general orientation about the primary and secondary
task. The purpose of this training was to make the participants aware of the basic
knowledge of all functions. During the practice sessions (Day 2 and 3), participants
practiced both tasks multiple times. During the actual process monitoring sessions
(Day 4 and 5), participants experienced six scenarios (3 low complexity and 3 high
complexity). A scenario order was counterbalanced to eliminate the order effect. Par-
ticipants were asked to answer NASA-TLX questionnaires after they completed each
scenario.

4 Data Analysis

4.1 Gauge Monitoring Task

There were two measurements for the primary task: operator’s sensitivity (d’) and
bias (b). The sensitivity refers to how well an operator discriminates the signal from the
noise (Lerman et al. 2010). d’ was calculated by subtracting the z-score that corre-
sponds to the false alarm rate from the z-score that corresponds to the hit rate
(Macmillan 1993).

Sensitivity ðd') = Z(Hit) - Z(False Alarm)j j ð1Þ

The response bias (b) is defined as the likelihood ratio of operator’s response
regarding the presence of signals. b was calculated by

Bias bð Þ ¼ P ordinate of Hitð Þ = P ordinate of false alarmsð Þ ð2Þ

4.2 Multi-Attribute Task Battery

There were three tasks in an MATB display: system monitoring, resource management,
and tracking task. Each task requires a different cognitive resource to perform. Hence,
the different metric was used to evaluate task performance on each task. For the
tracking task, the performance is calculated by the root mean square deviation of the
target center point from the center point in pixel units during a fixed time lapse
(Santiago-Espada et al. 2011).

RMSD C ¼ Square Root ðSS=NUMÞ ð3Þ

The value range is from 0 for the center position to 300 for continuous maximum X
and Y offset. NUM is the number of samples (15-s intervals), and SS is the sum of the
squares of the X-offset plus the Y-offset. By using this, the tracking performance (AT)
was calculated by

14 M. Putri et al.



AT ¼ ðthe highest RMSD C � current tRMSD CÞ
the highest RMSD C

ð4Þ

For the system-monitoring task, the performance (AS) was calculated by

AS ¼ Hs

TAs
� 100 ð5Þ

Hs = Total number of correct actions in system-monitoring task.
TAs = Total number of signal events.
For the resource management task, the performance (AR) was calculated by

AR ¼ Total Normal� state Tanks
Total Sampling Interval x 2 ðfor two tanksÞ � 100 ð6Þ

AR is identified as the total normal-state tanks divided by the total sampling interval
multiplied by two tanks. There are 18 sampling interval in total that is derived from
each 9 min-length scenario.

4.3 NASA TLX

The NASA-TLX (NASA Task Load Index) is a multidimensional subjective workload
rating technique. NASA TLX is commonly used to measure operators’ workload (Cao
et al. 2009; Hancock et al. 1995; Hart and Staveland 1988). It considers the magnitude
of six possible load types: mental demand, physical demand, and temporal demand,
own performance, effort, and frustration. It weighs the six types of load through a series
of 15 combinations (close to 100 – high workload; close to 0 - low workload). In this
study, the workload is defined as the expense caused by operators to achieve a certain
performance level (Singh et al. 2008).

5 Results

We analyzed the participant’s responses by using a two-way ANOVA. The dependent
variables were sensitivity (d’), operator’s bias (b), performance on tracking,
system-monitoring, resource management, and NASA-TLX score. The independent
variables were scenario complexity and day.

5.1 Gauge Monitoring Task

The ANOVA results showed the effect of scenario complexity and day for d’ and b.
For the sensitivity (d’), it was significantly influenced by the scenario complexity,
F1,17 = 4.25, p < 0.05. However, for the operator bias (b), there was a no significant
effect on the scenario complexity and day (Table 2).
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5.2 MATB

For the tracking task, there was a significant effect on scenario complexity,
F1,17 = 22.56, p < 0.001. However, there was no significant effect for the
system-monitoring and resource management task (Table 3).

5.3 Mental Workload

The NASA-TLX results showed that participant’s mental workload was significantly
influenced by the scenario complexity (F1,17 = 11.43; p < 0.001) (Table 4).

6 Discussion and Conclusion

In this research, we studied sensitivity (d’) and operator’s bias (b), and mental
workload of human operators in a multitasking environment by using the signal
detection theory (SDT) and NASA-TLX.

Table 2. Descriptive statistics for sensitivity and operator bias

Metrics Complexity Day 4 Day 5
M SD M SD

d’ Low 4.1636 0.4121 4.254 0.3594
High 3.912 0.846 4.007 0.715

b Low 23.22 15.77 19.51 8.37
High 19.89 12.47 22.61 14.08

Table 3. Descriptive statistics for system monitoring, resource management, and track

Metrics Complexity Day 4 Day 5
M SD M SD

AS Low 80.45 20.51 84.17 23.88
High 79.08 18.93 78.58 23.24

AR Low 93.83 9.85 92.28 14.67
High 89.81 12.28 93.00 10.03

AT Low 49.41 12.04 49.08 11.61
High 38.98 14.42 44.88 13.04

Table 4. Descriptive statistics for NASA-Task Load Index

Metrics Complexity Day 4 Day 5
Mean St. Dev Mean St. Dev

NASA-TLX Low 50.37 15.93 48.15 18.21
High 56.96 13.24 54.74 16.11

16 M. Putri et al.



The results showed that the operator’s detectability regarding an alarm signal was
significantly influenced by the number of visual stimuli from the primary task
(the gauge monitoring task). When the scenario complexity was low, sensitivity (d’)
was better than during the high complexity condition. However, operator bias was not
influenced by this, which means that the allocation of visual attention exists between
the primary and secondary tasks. In this experiment, the participants had to pay
attention to find abnormal situations in both displays. This divided the attention of
participants. If they spent an equal amount of time detecting signals from both tasks,
the number of missed signals on the gauge monitoring task during the high complexity
condition would be larger than in the low complexity condition. Hence, the sensitivity
was low when the participants executed high complexity scenarios, but this did not
influence the performance on the system-monitoring task.

For the secondary task, the scenario complexity had a significant influence on the
tracking task. The tracking task performance was better under the low complexity
scenarios. However, the results of the system monitoring and resource management
were not significantly influenced by the complexity. It means the complexity level of
the gauge monitoring task could affect performance on the tracking task, although the
tracking had more physical demands than mental demands. The performance on the
tracking task was based on the deviation of the target point from the center point.
A joystick controlled the target point. So, participants could control a joystick better in
the low complexity condition. Tracking data showed that the switching time to the
tracking task was longer than other tasks because of physical motions related to the
joystick control. Therefore, we can conclude that the visual stimulus level in a mul-
titasking environment could influence task performance related to physical activities.

For mental workload, we found a negative correlation between the sensitivity and
NASA-TLX rating. With the increasing of the complexity level, the sensitivity wors-
ened, and the NASA-TLX score increased.

Although we did not include any physiological measures to assess human perfor-
mance in a multitasking environment, all findings suggest that multitasking perfor-
mance is influenced by the visual stimulus level. In other words, the effect of the visual
stimulus is significant on performing a visual searching task and physical control task
in a multitasking environment. For future research, we will collect eye and head
tracking data to investigate a relationship between the visual stimulus level and the
multitasking performance. The results of this research will contribute to advance our
understanding of behavior modification caused by visual stimuli and the operators’
decision-making process in a multitasking environment.
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