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Workload management is of critical concern in the teleoperation of unmanned vehicles because
teleoperation is often employed in high-risk industries wherein high workload can lead to sub-optimal
task performance and can harm human operators’ long-term well-being. This study aimed to assess the
detrimental effects of time delays in teleoperation on operators’ workload and performance, and how
a delay compensation aid mitigated such effects. We conducted a human-in-the-loop experiment with
36 participants using a dual-task teleoperation platform, where participants drove a simulated High
Mobility Multipurpose Wheeled Vehicle (HMMWV) and performed a one-back memory task under three
conditions: the delay condition, the delay with compensation aid condition, and the ideal no delay
condition. A model-free predictor was used as the compensation aid. Results indicate that with a time
delay of 0.8-s participants’ workload increased and performance degraded significantly. Moreover, the
model-free predictor mitigated the detrimental effects of time delay on workload and task performance.
Our findings suggest that participants are more sensitive in their perceived workload compared to the
objective and physiological measures of workload. In addition, without any delay compensation algorithms, continuous teleoperation may not be ideal for operations with long time delays.

1. Introduction
25

30

35

40

45

Teleoperation of unmanned vehicles extends human operators’ capabilities by allowing them to remotely access areas
that are otherwise difficult, hazardous, or even impossible to
access. Teleoperation has been used in a wide variety of
applications, such as urban search and rescue (USAR), border
patrol, space exploration, and mineral exploration and mining
(Burke, Murphy, Coovert, & Riddle, 2004; Girard, Howell, &
Hedrick, 2004; Hainsworth, 2001; Jankowski & Grabowski,
2015; Murphy, 2004; Sheridan, 1993).
One widely recognized challenge in teleoperation is
related to time delays (Chen, Haas, & Barnes, 2007;
Sheridan, 2016). Time delay refers to the latency between
an operator issuing a command and receiving the corresponding feedback from the vehicle and is usually caused
by the limits on the speed and bandwidth of signal transmission. The occurrence of time delays results in at least two
undesirable consequences. First, human operators’ control
performance is degraded. Prior research utilizing a wide
variety of tasks reveals consistently that time delays can
significantly degrade teleoperation task performance
(Frank, Casali, & Wierwille, 1988; Lane et al., 2002;
MacKenzie & Ware, 1993; Sheridan, 1993; Yang &
Dorneich, 2017; Zheng, Brudnak, Jayakumar, Stein, &
Ersal, 2016). Second, the operator may experience high

workload. Workload management is a critical concern in
high-risk industries (Wickens & Tsang, 2015) wherein teleoperation is often employed, because high workload can lead
to sub-optimal task performance and task failures and harm
human operators’ long-term well-being (Ilies, Dimotakis, &
De Pater, 2010; Mitchell & Samms, 2010). Despite its importance, few studies have explored the detrimental effects of
time delays on the human operators’ workload and their
results were mixed.
In response to the challenge of time delays, various types of
delay compensation algorithms have been developed, including
the model-free predictor (Zheng et al., 2016) and model predictive
control (Vozar, Storms, & Tilbury, 2018), among others. These
algorithms have been reported to enhance teleoperation performance in terms of route following accuracy and task completion
time (Zheng et al., 2016). However, little is known about how
delay compensation algorithms affect the human operator’s workload, especially in high workload and time-critical situations.
Therefore, the aim of the present study is twofold. First, we
aimed to further examine the effects of time delay on operators’ workload using subjective measures, task performance
measures, and physiological measures. Second, we wished to
quantify the effects of a delay compensation aid, namely, the
model-free predictor in (Zheng et al., 2016), on human operators’ workload and teleoperation task performance.
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The present study is motivated by two bodies of research efforts,
briefly reviewed as follows. First, we discuss the consequences of
time delays, especially the consequences in teleoperation of
unmanned vehicles. Second, we summarize various types of
delay compensation methods and their effects on teleoperation.

2.1. Time delay in teleoperation of unmanned vehicles
Time delay is widely recognized as a challenge in teleoperation
of unmanned vehicles, as it often compromises teleoperation
performance (Chen et al., 2007; Sheridan, 2016). Common
causes of time delays include the speed and bandwidth of signal
transmission, long distance, and computer processing speed in
sending and receiving information (Frank et al., 1988; Kaber,
Riley, Zhou, & Draper, 2000; Lane et al., 2002; Sheridan, 1993).
Due to time delays, a human operator’s control performance
can decrease and workload can increase. A wide range of tasks,
from the classic move-to-target-area task in Fitts’ law
(MacKenzie & Ware, 1993) to space exploration (Sheridan,
1993), have been utilized to investigate the effects of time
delays, revealing consistently that time delay can significantly
degrade task performance. MacKenzie and Ware (1993) introduced time lags ranging from 8.3 to 233 ms into the Fitts’ law
paradigm and reported that with a 75 ms delay, a detrimental
effect in movement time and error rates can be easily measured,
and with a 225 ms delay, performance is substantially degraded.
Using a simulated driving task, Frank et al. (1988) reported that
a delay in visual feedback significantly harmed the operators’
simulator driving performance. For teleoperation of unmanned
vehicles, specifically, Lane et al. (2002) investigated the effects
of delay in a simulated space maintenance task involving flying
the Ranger telerobot through a three-dimensional course.
Results from their study revealed a significant increase in
completion time if the time delay was above 1.5 s. Along the
same line, Zheng et al. (2016) asked the participants to drive
a simulated remote military truck and reported that with
a 900 ms time delay, human operators took a longer time to
complete the course, performed worse in lane keeping, and
exerted greater steering control effort. More recently, Yang
and Dorneich (2017) investigated how variable time delays
disrupted task performance using a dual-task paradigm.
Participants navigated an unmanned vehicle through mazes
and identified targets, while performing a secondary alert detection task. Results from their study revealed a significant detrimental effect of the time delay on both the primary target
recognition task and the secondary alert detection task.
Despite the substantial amount of studies reporting operators’ performance degradation due to time delays, there is less
amount of work investigating how time delays affect human
operators’ workload. This is surprising given the fact that
teleoperation of unmanned vehicles is often employed in
high-risk industries such as USAR and space exploration, in
which workload management is a critical concern (U.S. Army,
2017; Wickens & Tsang, 2015). Moreover, the limited amount
of existing research primarily used subjective measures for
workload and their results are rather mixed. Kaber et al.
(2000) found that participants’ NASA TLX (Task Load

Index) (Hart & Staveland, 1988) scores appeared to increase
with control latency using a three-dimensional teleoperation
task. However, in a subsequent study involving a navigation
and obstacle avoidance task, Sheik-Nainar, Kaber, and Chow
(2005) reported a non-significant effect of time delays on
operators’ subjective evaluation of workload. Using the dualtask paradigm, Yang and Dorneich (2017) measured human
operators’ workload by both subjective measures and secondary task measures. Their results revealed that time delays
increased operators’ workload measured by both the NASA
TLX ratings and the secondary alert detection task performance. Further research is needed to quantify the effects of
time delay in operators’ workload, employing multiple types
of workload measures.
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2.2. Delay compensation methods
There are many methods developed to compensate the negative
effects due to time delays. Here we discuss three main methods:
supervisory control, predictive display, and mathematical predictor or controller. Supervisory control is a solution that relies
on having autonomy capability in the system and transfers the
low-level tasks from a human operator to autonomy while
keeping the human in the loop for higher level decisions (Luo
& Chen, 2000; Murakami et al., 2008; Witus, Hunt, & Janicki,
2011). Luo and Chen (2000) considered the remote operation
of a mobile ground robot over the Internet and applied supervisory control to tackle the transmission delays in the network,
which were found to range from 4 to 860 ms on average
depending on the server. Witus et al. (2011) also considered
a mobile ground robot and found that visual dead reckoning
supervisory control was the preferred method when delays were
2 s or more. Murakami et al. (2008) improved the control
precision of an agricultural vehicle that had a communication
delay within 1 s by using supervisory control.
However, to achieve reliable and adaptive supervisory control can be very challenging and expensive due to the need to
increase the level of autonomy of the system. Hence, researchers also pursued alternative strategies. Predictive display is
another way to minimize the effect of time delay by projecting
a predicted scenario in terms of current system states and
human operations. Sheridan and Verplank (1978) used predictive display in a teleoperated underwater vehicle to maintain the speed of the vehicle despite a 1 s communication
delay and a low frame rate of one frame every 8 s. Bejczy,
Kim, and Venema (1990) established a predictive display for
a robot arm by combining wire-frame display and solid model
display and tested its effectiveness with time delays of 0, 1, 2,
3, and 4 s. Experimental results showed that the predictive
display significantly reduced the task completion time for all
the delays tested. Other remote manipulation systems
(Kotoku, 1992; Rachmielowski, Birkbeck, & Jägersand, 2010)
have also been used to evaluate the effectiveness of predictive
display techniques with various lengths of delays (500 ms
delay in Kotoku (1992), and 300 ms delay in Rachmielowski
et al. (2010)). These evaluation tests showed that human
operators can reduce the task completion time and execute
tasks with higher confidence under the assistance of these
predictive displays.
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A mathematical predictor or controller is another powerful
tool to compensate delays. Based on the different teleoperated
systems, many mathematical predictors and controllers have
been developed. Among these predictors and controllers,
many of them are model-based, i.e. they require knowledge
about the mathematical equations governing the dynamics of
the system (De Paor, 1985; Naghshtabrizi & Hespanha, 2005).
However, a model-based approach may be infeasible when the
system dynamics are very complicated and a sufficiently accurate model is difficult or impossible to obtain. Additionally,
performance may significantly deteriorate when the error
between the system dynamics model and ground truth
becomes too large. To build robust schemes for delay compensation in complicated dynamic systems, model-free
approaches have been widely investigated. Passivity-based
methods have been developed to ensure robust stability of
systems coupled over a delayed communication channel and
have been demonstrated, for example, on tele-manipulators
with average roundtrip time delays of over 364 ms (Munir &
Book, 2002) as well as teleoperated mobile robots with
1 to 2-s delay (Zuo & Lee, 2010). A system is said to be
passive if it either stores or dissipates the supplied energy.
A passive system cannot provide more energy than what is
supplied to and stored in it; hence a passive system is stable.
Passivity-based methods rely on the fact that an interconnection of passive systems is also passive and therefore stable. In
particular, they seek to guarantee the passivity of the communication, which can ensure stability if the rest of the components in the networked system is also passive. Thus, these
methods do not require the knowledge of system dynamics,
but a robust stability still can be guaranteed. Other model-free
approaches include the clothoid prediction approach that has
been demonstrated on a teleoperated vehicle with 500 ms
delay (Chucholowski, Buechner, Reicheneder, & Lienkamp,
2013), and Taylor series-based Kalman filtering (Wang, Lin,
& Tomizuka, 2015) that was applied to a visual servoing
system with 33 ms delay.
Recognizing its robustness benefits, a model-free predictor framework was considered in this paper, as well. Details
of the model-free predictor is discussed in the Methodology
section.

3. The present study
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In the present study, we conducted a human-in-the-loop
experiment, in which participants teleoperated a simulated
military High Mobility Multipurpose Wheeled Vehicle
(HMMWV) while performing a secondary task. Due to
the transition of the U.S. Army over the past decade, soldiers are now operating in an information-rich multitasking environment in which workload management is
a critical concern (Chen & Barnes, 2008; Mitchell &
Samms, 2010).
In the experiment, participants performed both tasks
under three conditions: the delay without compensation
aid condition, the delay with compensation aid condition,
and the ideal no delay condition. We aimed to test the
following hypotheses.

3

H1: Communication delays will degrade teleoperation task
performance. Task performance will be worse with communication delays than without.

245

H2: The model-free predictor will mitigate the negative effects
of communication delays in teleoperation task performance.
Task performance will be better with the model-free predictor
than without.
H3: Communication delays will increase human operators’
workload. Human operators’ workload will be higher with
communication delays than without.
H4: The model-free predictor will mitigate the negative effects
of communication delays on operators’ workload. Operators’
workload will be lower with the model-free predictor than
without.”
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4. Methodology
This research complied with the American Psychological
Association code of ethics and was approved by the
Institutional Review Board at the University of Michigan.

260

4.1. Simulation testbed
A dual-task teleoperation simulation platform was used in the
present study (Figure 1). Participants performed two tasks
simultaneously. Their primary task was to drive
a HMMWV, with the goal to complete a track as fast as
possible, and with minimal deviation from the center of the
track, which was indicated by dashed lines on the track.
Participants used a steering wheel to control the vehicle’s
heading angle and used two pedals, gas pedal and braking
pedal, to accelerate and decelerate. The secondary task was an
auditory one-back memory task, in which participants were
presented with a sequence of sound stimuli and were required
to indicate when a stimulus matched the previous one in the
sequence. The n-back memory task is a continuous performance task commonly used to assess workload capacity (Herff
et al., 2013; Owen, McMillan, Laird, & Bullmore, 2005). The
sound stimuli in the present study comprised nine English
consonants c, g, h, k, p, q, t, w. Benchmarking against prior
research (Jaeggi, Buschkuehl, Jonides, & Perrig, 2008), each
stimulus was presented for 500 ms and the time interval
between stimuli was 2500 ms, and the target rate was 30%.
The secondary task was chosen to be one-back considering
the difficulty of the primary driving task. A beta-test was
conducted to ensure that the one-back secondary task was
appropriate.
Recognizing its robustness benefits, a model-free predictor framework was considered in this paper. Considering
the high degree of freedom of the target vehicle in the
teleoperated system, a model-free predictor framework
(Ge, Brudnak, Jayakumar, Stein, & Ersal, 2015; Zheng,
Brudnak, Jayakumar, Stein, & Ersal, 2018) has been implemented into the simulation testbed, which includes both the
speed and steering control. The basic idea behind this
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Figure 1. Illustration of the teleoperation platform.
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4.2. Pilot study
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In the pilot study, we developed and selected three driving
tracks with two considerations. First, the driving tracks should
be rather distinct to avoid potential learning effects. Second,
the driving tracks should be of the same difficulty.

Driver Station
Monitor

predictor is to add a compensation term to the delayed
information received over the network. This compensation
term is proportional to the integral of the error between the
delayed information received and the output of the predictor that corresponds to the time when the received information was sent. Because the compensation term does not
involve any knowledge about the dynamics of the system
where the information originates, the predictor is deemed to
be model free. The detailed formulation of the predictor can
be found in (Zheng et al., 2018). Being model free, this
framework does not need any knowledge about the governing equations of the vehicle or human operator and can
work robustly, albeit its performance is limited to lower
frequencies (Ge et al., 2017). For the particular task of
driving a HMMWV, this model-free predictor is particular
suitable, because the large inertia of the vehicle leads to
a slow response, the frequency content of which is dominated by lower frequencies in which the predictor is effective. As shown in Figure 2, in the framework, the human
driver sends the control commands of throttle, brake, and
steering to the Vehicle side, and the vehicle model sends the
responses of vehicle speed, position, and heading back to
the Driver side. There exist a control delay td1 and a sensor
delay td2 in the bilateral communication. Two predictors are
inserted to receive the delayed information and to recover
the undelayed signals of the corresponding systems. Please
refer to (Ge et al. (2017); Zheng et al. (2016, 2018)) for
details.

Speed: 20 .0 mph

Vehicle speed
Vehicle position
Vehicle heading

Predictor
Wheel,
Pedals

295

Control Delay td 1

Sensor Delay td 2

Vehicle Model
Predictor

Throttle
Brake
Steering

Figure 2. Illustration of the model-free predictor framework.

To avoid potential learning effects, we first designed six
candidate tracks. Each track had a width of 10 m and consisted of the following elements: eight 120-m straight lines,
seven 100-m straight lines, two 90-degree left turns, one 60degree left turn, two 45-degree left turns, two 90-degree right
turns, five 60-degree right turns, and two 45-degree right
turns. Turns had the same radius of 30 m. Six tracks were
developed by generating random sequences of the abovementioned components as an approach previously reported in the
literature (Vozar et al., 2018) and each contained the same
track length and required steering angle. At each corner,
a predesigned speed limit sign was placed to warn the drivers.
An overview of the candidate tracks is shown in Figure 3.
To ensure that the tracks used in the experiment had similar
difficulty levels, we conducted a pilot experiment. 12
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Figure 3. Candidate tracks.
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participants were recruited for the pilot study. However, two
participants caused tire lift-off more than twice during the test
and their data was discarded according to pre-established criteria. Another two participants were then recruited for replacement. In the pilot experiment, participants drove the HMMWV
as fast as possible and as closely to the center line as possible.
Participants drove on all the six tracks. The sequence of presentation was balanced using a 6  6 Latin square design. Three
types of driving performance data were collected, including
track completion time, lane keeping error and steering effort.
Lane keeping error was calculated by integrating and normalizing the deviation from the center of the track with completion
time. The smaller the deviation is, the better the performance is.
The steering effort is calculated by integrating and normalizing
the steering angle with respect to completion time. The smaller
the steering control effort is, the easier human drivers control
the vehicle (Zheng et al., 2016).
After finishing each track, participants were asked to
evaluate its difficulty using a Likert scale from 0 (easiest)
to 10 (most difficult). One-way repeated measures Analysis
of Variance (ANOVA) was conducted for data analysis with
the driving track as the within-subjects variable. The results
showed a non-significant difference between the six tracks in
subjective rating of difficulty (Fð5; 60Þ ¼ 2:50, p ¼ 0:107),
track completion time (Fð5; 60Þ ¼ 1:35, p ¼ 0:291), lane
keeping error (Fð5; 60Þ ¼ 0:61, p ¼ 0:600) and steering effort
(Fð5; 60Þ ¼ 0:50, p ¼ 0:681). In addition, there were no
instances of tire lift-off on tracks 5 and 6; one instance of
tire lift-off on tracks 1, 2, and 4; and two instances of tire
lift-off on track 3. Considering the selection requirements
and the analysis results, tracks 1, 2, and 4 were selected as
the testing tracks.

4.3. Participants
375

37 participants (Age: Mean = 23.3 years, SD = 3.8 years) took
part in the experiment. All participants possessed a valid
driver license with at least 1-year driving experience and had
normal or corrected-to-normal sight and hearing. Data of one

participant was discarded due to an excessive number of tire
lift-offs in the experiment.

380

4.4. Experimental design
The experiment used a within-subjects design with three
driving conditions: the no delay condition, the delay with
the compensation aid condition and the delay without the
compensation aid condition. For simplicity, the delay without
the compensation aid condition is referred to as the delay
condition hereafter. The presentation of conditions followed
a 3  3 Latin square design to eliminate potential order
effects.
4.4.1. Independent variables
The independent variable in the experiments was the driving
condition: the no delay condition, the delay with the compensation aid condition and the delay condition. A continuous
communication delay of 0.8 s was introduced in the delay
condition. This duration was chosen from the typical range of
communication delays via satellite links. In military operations where commercial networks are not available, communication is executed via satellite links and delays are on the
order of hundreds of milliseconds for cross-country teleoperation (Zheng et al., 2018).
4.4.2. Dependent variables
Participants performed two trials in each condition, each trial
lasting approximately 3 min. Four categories of dependent
variables were collected in the experiment: teleoperation task
performance, secondary task performance, subjective measures of workload and physiological measures of workload.
Primary teleoperation task performance included the track
completion time and lane keeping error. Secondary one-back
memory task performance was measured by the percentage of
correct identification (hit rate), the percentage of correct
rejection (correct rejection rate), and the reaction time. An
equal-weight NASA TLX was employed to measure the participants’ subjective workload. Pupillometric measures were
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used as the physiological indicators of workload because
of their high sensitivity (Wahn, Ferris, Hairston, & König,
2016). Participants wore a pair of Tobii eyeglasses 2
during the experiment and their pupil diameters were
recorded at 50 Hz. The absolute pupil diameter, change in
pupil diameter ( ¼ pupil diameter  pupil diameter baseline),
and
rate
of
change
in
pupil
diameter
diameter baseline

100%)
were
calculated.
As
( ¼ pupil diameterpupil
pupil diameter baseline
each participant performed two trials in each driving condition, the values of the dependent variables were averaged
across the two trials.

4.5. Experimental procedure
Participants provided a signed informed consent and filled in
a demographics survey. After that, they were assisted to wear
the eyetracker and underwent the calibration. With the normal room light and without any specific tasks, the experimenter measured each participant’s baseline pupil diameter twice.
Each measurement trial lasted about 30 s.
Before
the
experiment,
participants
underwent
a comprehensive training session, designed based on prior
research (Zheng et al., 2016). Participants were firstly trained on
the teleoperation task under each of the three driving conditions:
no delay, delay with compensation, and the delay condition.
Participants were informed of the differences between driving
a HMMWV and a commercial vehicle and were explicitly told
that in order to avoid tire lift-offs, they had to slow down and
comply with the speed limit at turns. After the participants were
able to drive the vehicle smoothly, they were trained on the oneback memory task. Participants were required to press the shift
clutches on the steering wheel each time they heard a letter that
was the same as the previous one. After the training on the
secondary task, participants performed both tasks simultaneously
once without any time delay. The entire training session lasted
about 35 min, and a post-training survey was completed at the end
of the training.
When the participants finished the training and the posttraining survey, they took a 5-min break prior to the official
experiment. In the experiment, participants completed the
teleoperation driving task along with the one-back memory
task in each of the three driving conditions. Participants were
informed of the driving conditions they were in, except for the

exact duration of the delay. Participants performed two trials
in each condition, each lasting approximately 3 min. Between
the conditions, subjects reported their subjective workload on
a NASA TLX survey. Also, a 5-min break was given between
the conditions. After finishing all the six trials, the subjects
were required to fill a debriefing survey about outstanding
questions and their opinions of or suggestions for the experiment they had just completed.

Secondary task
Subjective workload

Physiological measure

Metrics
Completion time (s)
Lane keeping error (m2 )
Correct identification (%)
Correct rejection (%)
Reaction time (ms)
Equal-weight average
Mental workload
Physical workload
Temporal workload
Perceived success (Reverse coding)
Effort
Annoyance
Pupil size (mm)
Change in pupil size (mm)
Pct of change in pupil size (%)

N
35
35
36
36
36
36
36
33
34
36
36
34
31
30
30

460

5. Results
One-way repeated measures ANOVAs were conducted with
driving condition as the within-subjects variable. Sidak adjustments (Abdi, 2007) were employed for pairwise comparisons.
Effect size was calculated as Eta squared η2p for ANOVAs and
as Cohen’s d for pairwise (Field, 2013). Results are reported as
significant for α < :05 and as marginally significant for α < :1
(Gelman, 2013). Effect size is considered as small if d ¼ :2,
medium if d ¼ :5, and large if d ¼ :8 (Cohen, 1992).
Table 1 summarizes the mean and standard error (SE)
values of the primary task performance, secondary task performance, subjective measure of workload, and physiological
measure of workload. Due to device malfunction, some data
points were missed. The resulting sample size N for each
dependent variable is detailed in Table 1.
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5.1. Primary task
Results revealed significant differences in teleoperation task
completion time (Fð2; 68Þ = 78:30, p < 0:001, η2p ¼ 0:697), and
lane keeping error (Fð2; 68Þ ¼ 42:71, p < 0:001, η2p ¼ 0:557)
(Figure 4).
Post-hoc analysis with Sidak adjustments showed that with
a time delay, participants took a significantly longer time to
complete the track (Delay > No delay, p < 0.001, d ¼ 1:271) and
had a larger lane keeping error (Delay > No delay, p < 0.001,
d ¼ 1:193). The compensation aid mitigated the negative impacts
of the time delay in both completion time (Delay with compensation < Delay, p < 0.001, d ¼ 0:872) and lane keeping error
measures (Delay with compensation < Delay, p < 0.001,
d ¼ 0:664). However, even with the delay compensation aid,
participants’ performance were still inferior to that in the ideal
no delay condition (completion time: Delay with compensation >

Table 1. Mean and SE of primary task, secondary task, subjective workload, and physiological measure.
Tasks
Primary task

455

No Delay
163.2 ± 2.0
2610 ± 190
87.7 ± 1.9
99.0 ± 0.3
1014 ± 27
3.8 ± 0.2
4.9 ± 0.4
2.8 ± 0.4
3.5 ± 0.4
7.2 ± 0.3
5.4 ± 0.4
3.0 ± 0.4
4.453 ± 0.098
0.188 ± 0.069
4.7 ± 1.6

Delay+Compensation
171.9 ± 2.2
3737 ± 162
83.7 ± 2.1
99.1 ± 0.2
1077 ± 31
4.7 ± 0.2
5.8 ± 0.4
3.2 ± 0.4
4.6 ± 0.4
5.6 ± 0.3
6.4 ± 0.3
4.4 ± 0.4
4.442 ± 0.094
0.179 ± 0.069
4.5 ± 1.6

Delay
190.9 ± 13.1
5048 ± 299
78.2 ± 2.3
96.3 ± 2.5
1147 ± 32
5.7 ± 0.3
7.7 ± 0.3
4.2 ± 0.6
5.2 ± 0.5
3.8 ± 0.4
7.4 ± 0.3
5.6 ± 0.5
4.549 ± 0.093
0.292 ± 0.074
7.3 ± 1.8

F-value
78.30
42.71
16.78
1.52
14.66
44.82
45.97
11.17
15.04
48.02
22.93
24.72
10.60
12.10
11.99

p-Value
<.001
<.001
<.001
0.322
<.001
<.001
<.001
<.001
<.001
<.001
<.001
<.001
<.001
<.001
<.001
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Figure 4. Mean and Standard Error (SE) values of primary task performance (    p < .001,   p < .01,  p < .05, y p < .1).

Figure 5. Mean and SE values of secondary task performance (    p < .001,   p < .01,  p < .05, y p < .1).

495

No delay, p < 0.001, d ¼ 0:500, lane keeping error: Delay with
compensation > No delay, p < 0.001, d ¼ 0:782).
5.2. Secondary task
For the one-back memory task, there was a significant difference in correct identification rate (Fð2; 70Þ ¼ 16:78, p < 0:001,
η2p ¼ 0:324) and in reaction time (Fð2; 70Þ ¼ 14:66, p < 0:001,

500
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η2p ¼ 0:295) across the three conditions. Correct rejection
rates revealed a non-significant difference (Figure 5).
Percentage of correct identification was the lowest in the delay
condition (Delay < Delay with compensation, p < 0.001,
d ¼ 0:298; Delay < No delay, p < 0:001, d ¼ 0:546). There was
also a marginally significant difference between the no delay
condition and the delay with compensation aid condition (Delay
with compensation < No delay, p = 0.071, d ¼ 0:242).
In addition, having a time delay significantly increased
participants’ reaction time (Delay > No delay, p < 0.001,
d ¼ 0:529). The effect of time delay was rectified to some
extent by the compensation aid (Delay with compensation <
Delay, p = 0.038, d ¼ 0:263; Delay with compensation > No
delay, p = 0.011, d ¼ 0:252).
5.3. Subjective workload

515

Results revealed a significant difference in participants’ equalweight NASA TLX scores (Fð2; 70Þ ¼ 44:82, p < 0:001,

η2p ¼ 0:561). Post-hoc analysis showed that the time delay significantly increased the subject workload (Delay > No delay,
p < 0:001, d ¼ 0:907). With the delay compensation aid, participants’ workload was lower than that in the delay condition (Delay
with compensation < Delay, p < 0:001, d ¼ 0:451), but still higher
than that in the ideal no delay condition (Delay with compensation > No delay, p < 0:001, d ¼ 0:518).
Investigating each dimension of NASA TLX scores (Figure 6),
there was a significant difference in the dimension of mental
workload (Fð2; 70Þ ¼ 45:97, p < 0:001, η2p ¼ 0:568), physical
workload (Fð2; 64Þ ¼ 11:17, p < 0:001, η2p ¼ 0:259), temporal
workload (Fð2; 66Þ ¼ 15:04, p < 0:001, η2p ¼ 0:313), perceived
success (Fð2; 70Þ ¼ 48:02, p < 0:001, η2p ¼ 0:578), effort
(Fð2; 70Þ ¼ 22:93, p < 0:001, η2p ¼ 0:396), and annoyance
(Fð2; 66Þ ¼ 24:72, p < 0:001, η2p ¼ 0:428) across the three driving
conditions. Post-hoc analysis also showed that the self-reported
mental workload was significantly higher in the delay condition
than the no delay condition (p < 0:001, d ¼ 0:933), as well as the
delay with compensation aid condition (p < 0:001, d ¼ 0:649).
There was also a difference between the no delay and delay with
compensation aid condition (p ¼ 0:021, d ¼ 0:281). The physical
workload was higher in the delay condition compared to the no
delay condition (p < 0:001, d ¼ 0:362) and to the delay with
compensation aid condition (p ¼ 0:017, d ¼ 0:262). Temporal
workload was significantly lower in the no delay condition than
the delay condition (p < 0:001, d ¼ 0:463) and the delay with
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Figure 6. Mean and SE values of NASA TLX workload dimensions (    p < .001,   p < .01,  p < .05, y p < .1).

545

550

555

compensation aid condition (p < 0:001, d ¼ 0:369). Perceived
success was the lowest in the delay condition, followed by the
delay with compensation aid condition, and followed by the no
delay condition (all ps < 0:001, all ds > 0:8). Self-reported effort
score was the highest in the delay condition, followed by the delay
with compensation condition, and followed by the no delay condition (Delay > Delay with compensation aid p ¼ 0:003,
d ¼ 0:590; Delay with compensation aid > No delay p ¼ 0:009,
d ¼ 0:485; Delay > No delay, p < 0:001, d ¼ 0:968). Participants’
annoyance scores was higher in the delay condition than the no
delay condition (p < 0:001, d ¼ 0:979) and the delay with compensation aid condition (p ¼ 0:008, d ¼ 0:426). There was also
difference between the no delay and the delay with compensation
aid condition (p < 0:001, d ¼ 0:577).
5.4. Physiological measure of workload
Each participant’s absolute pupil diameter, change in pupil
diameter
( ¼ pupil diameter  pupil diameter baseline),

and
rate
of
change
in
pupil
diameter
diameter baseline

100%)
were
calculated.
( ¼ pupil diameterpupil
pupil diameter baseline
One-way ANOVA analysis revealed significant differences
in the absolute pupil diameter (Fð2; 60Þ ¼ 10:60, p < 0:001,
η2p ¼ 0:261), change in pupil diameter (Fð2; 58Þ ¼ 12:10,

560

p < 0:001, η2p ¼ 0:294), and percentage of change in pupil
diameter (Fð2; 58Þ ¼ 11:99, p < 0:001, η2p ¼ 0:293) (Figure 7).
Pupil diameter, change in pupil diameter, and percentage
of change in pupil diameter under the delay condition were
larger than those in the no delay condition (Pupil diameter:
p ¼ 0:002, d ¼ 0:128; Change in pupil diameter, p ¼ 0:001,
d ¼ 0:188; Percentage of change in pupil diameter: p ¼ 0:001,
d ¼ 0:195), and those in the delay with compensation aid
condition (Pupil diameter: p ¼ 0:001, d ¼ 0:145; Change in
pupil diameter, p ¼ 0:001, d ¼ 0:206; Percentage of change in
pupil diameter: p ¼ 0:001, d ¼ 0:209). There were no significant differences between the no delay and the delay with
compensation aid condition.
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Figure 7. Mean and SE values of pupilometric measures (    p < .001,   p < .01,  p < .05, y p < .1).
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In this section, we present the extent to which our results
support the hypotheses and discuss the research implications
and challenges on the design of teleoperation systems.
The main purpose of this study was to examine the effects of
time delays on human operators’ workload and performance, and
how a model-free predictor could potentially help. The results
clearly demonstrate that time delays are detrimental to both workload and teleoperation performance, and a model-free predictor
can alleviate the adverse impact to some extent. Our findings shed
light on several implications and challenges on the design of
teleoperation systems and on the selection of human operators.
Human-machine teaming is a major emphasis in the ongoing
transformation of Army operations, and it has been explicitly
stated that the machines should be designed to fit the human
operators rather than the other way around (De Visser &
Parasuraman, 2011; Sheridan, 2016; U.S. Army, 2017). Our findings reveal that time delays and the model-free predictor significantly affect human operators’ workload, suggesting that besides
teleoperation performance, workload is also a vital metric in
evaluating the impacts of time delays and various types of delay
compensation methods. A delay compensation algorithm that
does not aid workload management may be less preferred at
best and be discarded at worst, even if it improves the control
performance.
We noticed that human operators’ subjective perception of
workload increment is greater than the secondary task performance measure and the physiological measure. A 0.8-s delay had
a large effect on subjective measures (d ¼ 0:907), a medium
effect on secondary task performance (Correct identification
rate: d ¼ 0:564; Reaction time: d ¼ 0:529), and a small effect
on eye-related measures (Pupil diameter: d ¼ 0:128; Change in
pupil diameter d ¼ 0:188; Percentage of change in pupil diameter: d ¼ 0:195). This high sensitivity in perceived workload
raises a particular concern as high level of perceived workload
decreases job satisfaction and contributes to high turnover and
staff shortages (Ilies et al., 2010; Mitchell & Samms, 2010;
Wickens & Tsang, 2015). It also provides implications on
human operator selection, that a person with high sensitivity to
time delays may not be the ideal candidate for teleoperation
tasks.
In addition, our findings suggest that without any delay
compensation algorithms, continuous teleoperation may not be
ideal for certain operations. Consistent with prior literature
(Frank et al., 1988; Lane et al., 2002; MacKenzie & Ware, 1993;
Sheridan, 1993; Yang & Dorneich, 2017), the results indicate that
with a 0.8-s delay, the teleoperation performance measured by
completion time and lane keeping error significantly degraded
with d ¼ 1:271 and d ¼ 1:193, respectively. As mentioned in the
Experimental Design section, the delay of 0.8 s was chosen from
the typical range of communication delays via satellite.
Depending on the application domain and signal transmission
distance and speed, communication delays can be up to several
seconds. For instance, remote control in the deep ocean typically
poses a 2-s round-trip delay, and earth-orbiting space shuttle can
have a delay as high as 6 s (Sheridan, 1993). With such long
delays, control performance degradation and workload increment are expected to be exacerbated. As a result, continuous
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teleoperation is likely impossible. In these cases, teleoperation
can be used for non-routine tasks and automation for more
routine tasks are necessary.
At last, in the review of human-robot interaction research,
Sheridan (2016) identified delay compensation as one of the
two human factors problems in remote control of unmanned
vehicles. The present study reveals that the model-free predictor alleviated the detrimental effects of time delays on both
workload and control performance. Compared to the delay
condition, the predictor provides a medium size improvement
(d ¼ 0:451) on subjective workload, a small improvement on
secondary task performance (Correct identification rate:
d ¼ 0:298; Reaction time: d ¼ 0:262), a small improvement
on physiological measures of workload (Pupil diameter:
d ¼ 0:145; Change in pupil diameter d ¼ 0:206; Percentage
of change in pupil diameter: d ¼ 0:209). Moreover, the
model-free predictor largely aided the control performance
(completion time d ¼ 0:872; lane keeping error: d ¼ 0:664).
Figure 4–6 also clearly illustrate that the scores in the delay
with compensation condition are between those in the delay
condition, and those in the ideal no delay condition, suggesting that the model-free predictor can help to some extent, but
cannot completely eliminate the detrimental effects of time
delays. Further research is needed to examine if possible, and
if yes, how to fully compensate for time delays.
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7. Conclusion
Remote control of space, aerial, ground, and undersea vehicles
has been employed in hazardous or inaccessible environments. One particular concern pertinent to these systems is
the time delay (Chen et al., 2007; Sheridan, 2016). Prior
studies have largely documented the detrimental effects of
time delays on human operators’ control performance. In
response to this challenge, various types of delay compensation methods were proposed. However, little research has
been done to examine the effects of time delays and delay
compensation methods on human operators’ workload.
The present study has the following contributions. First, we
provided evidence on the negative impact of time delay on
workload. Employing subjective ratings, task measures, and
physiological measures, our results revealed consistently that
time delays significantly increase human operators’
workload. Second, to the best of our knowledge, the present
research is the first study quantifying how one type of delay
compensation algorithms, the model-free predictor can mitigate
the detrimental effects of time delay in terms of workload. Even
though this predictor has been shown to improve driving performance metrics before (Zheng et al., 2016), its impact on the
workload of human operators was unknown.
The results should be examined in light of the following
limitations. First, the present study utilized the pupilometric
measures as the physiological indicators of workload. Even
though the experiment is conducted in a controlled setting, it
is still possible that the pupilometric measures are affected by the
ambient light. Second, the study was performed in a simulated
environment with clear visual images of the environment. Due
to the limits on signal transmission bandwidth, degraded image
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quality would be highly likely in teleoperation of unmanned
ground vehicles, and we expect that the detrimental effects of
time delays would be exacerbated. Third, the study was conducted using a fixed time delay of 0.8 s. It would be beneficial to
replicate the study using several delay values.
In our future work, we would like to infer drivers’ workload states by analyzing their physiological data (Heard,
Harriott, & Adams, 2018). If we can estimate or predict
operators’ real-time workload from observable, especially physiological indicators, adaptive autonomy could be designed in
response to human operators’ real-time workload states.
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