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ABSTRACT
With the rise of autonomous multi-robot systems, the role of the
robot operator shifts from controlling and observing a single robot
to that of a supervisor overseeing multiple robots. Previous stud-
ies suggest that timely warnings of problematic events improve a
user’s ability to monitor multiple robots, however, research has not
examined the influence alerts have on user monitoring behavior
and their perceptions of the system. We present a 2x2 study design
where we manipulate the operator’s cognitive load through the
number of simultaneous robots under their control and the level of
support through the absence or presence of warnings. Our findings
suggest that users are more likely to fixate on alerts when shown
explicitly, and task difficulty influenced the user’s willingness to
allow the robots to act autonomously. Our research offers insights
for advancing the design of autonomous multi-robot interfaces,
emphasizing strategies to enhance the simultaneous monitoring of
numerous robots.

CCS CONCEPTS
•Computingmethodologies→Multi-agent systems; •Human-
centered computing → Empirical studies in HCI.
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1 INTRODUCTION
The usage of unmanned vehicles (UVs) has become increasingly
widespread, such as ground vehicles (UGVs) used for agriculture [9,
21] and as aerial vehicles (UAVs) or drones used for monitoring of
critical infrastructure [43] and search and rescue [36, 37, 56]. While
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these robots can be used by an operator who manually controls
the UV, the technology has rapidly improved to have autonomous
capabilities [20] to the point where the research community has
explored how to extend UV usage from a single robot-operator
relationship to multi-robots [2, 8]. Studies have implied that au-
tonomous systems that utilize remote communication between the
robots and the operator will become highly autonomous to the
extent that the operators will supervise the system rather than
exercise fine-grained control [18].

As the technology matures, errors and failures are bound to hap-
pen. Especially in dynamic outdoor environments, failures can be
tedious, requiring the operator to attend physically to resolve the
issue. When robots are spread over large work areas, as in agricul-
ture, operators spend a lot of time reaching a failed robot, which
impacts their availability to focus on other tasks. Furthermore, de-
lays in reaching a failed robot could lead to detrimental outcomes
in the task or damage to the robot. An abundance of failures can
also garner user mistrust and can harm the relationship between
the vehicles and operators [28, 40], ultimately lowering the will-
ingness to adopt these autonomous systems. Considering that the
operator’s role is evolving into more of a supervisor, this raises con-
cerns about how many robots a person can monitor simultaneously,
especially in the likelihood of failures and errors. Monitoring can
involve observing a robot’s state and notifications about its imme-
diate and potential problems. Research suggests that the maximum
number of robots a person can maintain is primarily dependent on
the number of robots and the number of steps it takes for the user
to remove the robot from the dangerous situation [22, 61]. Research
has shown that timely warnings and alerts significantly enhance
a user’s ability to respond to situations while operating a vehicle.
These alerts provide immediate visual feedback, alerting the user
to focus fully on the vehicle and allowing them adequate time to
respond to any emerging issues [10].

While evidence suggests that alerts can positively impact the
user’s performance, insufficient support for identifying, prioritizing,
and handling failures can have a detrimental effect on attitudes
toward trusting and adopting automation. There is an incentive
to understand how alerts can improve monitoring performance
and identify how the monitoring interface’s design can negatively
affect a user’s strategy and interactions. In the study presented in
this paper, we explore how participant behavior in monitoring
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a group of robots changes when explicitly notified about ro-
bot misbehavior. To do this, we created a platform designed after
existing multi-robot applications and gamified the experience by
incorporating a point system to incentivize the participants to dili-
gently monitor all the robots and correct problems as they arise. We
conducted a study with non-experts gathering performance metrics
and self-reported feedback and interviewed them to understand
their beliefs and attitudes toward automation.

2 RELATEDWORK
Our work builds on prior research on the design of autonomous
systems. We outline relevant literature on the monitoring of multi-
agent systems and related topics, the design of monitoring systems,
and the impact of user trust on the usage of these systems.

2.1 Monitoring Multi-Robot Systems
Prior work has explored the monitoring capabilities of operators
when it comes to engaging with multi-robot systems [17, 80]. Ef-
fective interface design for a multi-robot system supports situation
awareness [30], both in routine work andwhen faced with instances
of unexpected failures in the robots’ automation [88]. An interface
needs to provide enough information so that the user is not missing
information to make an informed choice, but simultaneously not
too much information so that the operator is overloaded and cannot
find the appropriate information [69]. Here, visual saliency can help
an operator to easily differentiate essential and urgent information
from routine information [71]. While studies have discussed how
to display information in a multi-robot system [2, 3] as well as
how people react to faulty physical robots [27, 73], there is still an
incentive to understand how these two research topics relate to one
another, i.e. how to display information when robots are exhibiting
unintended behavior. In recent years, research has been exploring
models and techniques for fault detection and diagnosis [50, 51],
and have taken a more technical perspective of how to mitigate and
resolve faulty behavior with limited to no involvement of potential
users in their studies.

2.1.1 Supervisory Role in Automation System. In the monitoring
of semi-autonomous multi-robot systems, the user’s role is mov-
ing towards becoming a supervisory role rather than continuous
interaction with the robots [72]. Various challenges arise when
supervising a group of robots, including operator fatigue and bore-
dom [24, 38] and situation awareness, cognitive load, and trust in
the automation [66]. While there have not been many studies that
directly explore how a person continuously monitors active robots,
research has addressed how users monitor other groups of entities,
such as in the field of air traffic control (ATC) [12, 31]. Especially in
ATC research, workload and situation awareness (SA) are prevalent
topics, as the air traffic controller (ATCO) needs to be aware of the
current space to ensure safety among the aircraft [32, 59, 63]. Re-
search has indicated that there is a difference in performance when
exposed to different levels of task loads [47]. However, Friedrich et
al. [32] found in their study that when using probing techniques to
measure SA, there was, in fact, no such difference. That said, par-
ticipants in this study did not find a probing technique appropriate
to measure SA since ATCOs have a more holistic view of SA, and a

probing technique tries to break down SA into specific questions
of specific events.

2.1.2 Fan-Out Model. Olsen and Wood developed an equation
to predict the maximum number of robots a single operator can
manage simultaneously. This equation is known as the fan-out
model [22, 61]. In this model, the neglect time is the amount of
time a robot can be neglected before it needs attention, while the
interaction time is the time it takes to interact with a robot before it
no longer needs attention. Cummings et al. [25] further developed
the equation such that wait time (WT) was taken into account.
They defined three WT sources: the queue of problems to be re-
solved before moving to another problem, the time needed to regain
situation awareness when completing one task and moving to an-
other, and the time needed to take corrective action and resolve
a problem. By incorporating WT, they found that the number of
unmanned vehicles an operator could manage dropped by 36%–
67%, highlighting the importance of accounting for the limitations
of human decision-making. Later, Breslow et al. [10] adapted the
fan-out model to predict the likelihood of a supervisor failing to
prevent damage to an unmanned vehicle and using the prediction
to alert the supervisor appropriately. As a result of their study, they
also highlighted the importance of timely feedback – stressing that
an alert that appears too late will lose its usefulness. The research
involving the fan-out model displays how performance increases
when alerts are displayed in a timely manner, and they provide
detailed descriptions of the interfaces used. However, their results
did not focus on the designs and how to improve them to support
the users, and a gap persists in how the different display approaches
affect a person’s interaction strategies while monitoring a group of
robots.

2.2 Interface Design for Monitoring Systems
The literature highlights various ways of designing interfaces to
support the monitoring of multi-robot systems. A common compo-
nent is a view of the environment such as a geographical map [19]
or a digital representation of the traversable space [5, 80] – an
often-seen functionality is to see all robots related to the system
and their current position on a map. Another commonly incorpo-
rated element is an information panel, often placed beside the map,
which can provide more information on the status of individual
robots [26, 70, 71]. Such a menu allows for information to be dis-
played without cluttering the map, and more oversized items such
as video feeds can be displayed [17].

Other studies have sought to establish user needs concerning
the interface design of multi-robot monitoring systems. For exam-
ple, Agrawal et al. [2] conducted participatory design studies with
firefighters to develop a multi-drone system for search and rescue
(SAR) purposes. They presented the challenges related to drone
usage in SAR missions and provided design recommendations to ad-
dress these challenges through interface modifications, for example,
by giving the user the ability to see the previous and planned path
of the drone. Rule and Forlizzi [71] had previously laid out design
recommendations for providing appropriate salience of information
such that the operator would not be cognitively overloaded. Here,
they provided an interface separated into cells where each cell was
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meant for different levels of awareness and salience. Using contex-
tual inquiry with specialized robot operators, they found multiple
scenarios that needed to be addressed with different salience, such
as being able to differentiate important information from urgent
ones.

Appropriate salience is also a prevalent topic in notification
design in monitoring systems. Earlier research has sought to un-
derstand how notification and visual indicators can be designed to
grab the operator’s attention without distracting them from their
main task [55, 82]. Imbert et al. [42] conducted a study where they
created the LABY microworld to explore the issues of notification
on larger screens in an air traffic control scenario. Here, they found
that notification that involved movement with a box-animation
alert would allow the operator to notice it without losing sight of
their primary monitoring task. While the existing work thoroughly
examines how domain experts interact with these systems, only
a few examine how novices or non-domain experts interact with
a monitoring system. With the fast adoption of the technology in
diverse areas, it is not unlikely that multi-robot systems will be used
by people that are not necessarily experienced with the technology
or work domain. Hence, we want to expand the research topic and
explore similar design approaches to existing work are received
and perceived differently when the end-users are novices.

2.3 User Perception of Autonomous Agents
Automation is a key aspect of multi-robot systems, as it is typically
unfeasible for a single operator to effectively control an arbitrary
number of robots [38]. However, prior work has identified differ-
ences in howwilling users are to adapt to automation [39]. Critically,
some users might be too eager to utilize the autonomous behavior
of systems without considering the value and potential downsides
of this approach [13]. In contrast, others can be overly critical of
the capabilities of the system and thereby miss out on its potential
benefits [77].

2.3.1 Lack of Trust. There are various reasons why the potential
users of a system are critical of automation and tend to be skeptical
of the results and recommendations it provides. Research has in-
dicated that the experience of false positives, such as false alarms,
decreases a person’s trust in a system [6, 11, 54, 76, 85]. Gupta et
al. [34] looked at how early and late alarms of upcoming skids
affected a user’s trust in automation while driving and found that a
higher rate of early alarms led to lower levels of confidence com-
pared to late alarms. The authors hypothesized that users perceived
the early alarms as the system not being able to determine what a
dangerous situation was accurately. Failure in autonomy also af-
fects how a person perceives the capabilities of the automation and
how they interact with the system [53, 73]. The work of Moralez et
al. [60] explored how willing a person was to help a robot if they
were shown robotic failures prior to interacting with the system.
In their study, they found that if participants were not exposed
to any failures, 81.3% of them were willing to help the robot, but
when they had previously seen the robot perform two major errors,
only 59.4% assisted it. Gradual exposure to failures also resulted
in not wanting to help at the end of the experiment, with some
reporting that it felt as if the robot did it on purpose. The studies
point towards the fact that prolonged exposure to failure affects

a person’s willingness to help, which has also been shown to be
present in human-swarm research [4]. However, recent research
has pointed out that there is a need to understand if self-correction
also affects how people perceive the robots’ abilities [16].

2.3.2 Complacency & Automation Bias. User complacency and au-
tomation bias can similarly be issues in the adoption of autonomous
systems. Complacency originally referred to insufficient pilot mon-
itoring in aircraft subsystems. With the increase in automation,
this concept expanded and became known as automation-related
complacency [57, 64]. This complacency can lead to accidents as
people do not carefully monitor the system in question. The term is
more often used for alerting systems rather than systems in which
automation acts as decision support [35, 65]. On the other hand,
automation bias is often used in the context of decision aid, in
which the automation provides wrong advice and the user fails to
notice the mistake, resulting in them following an incorrect rec-
ommendation [78, 85]. In human-swarm interaction (HSI) research,
there has been some indication that complacency is also present
in these systems [86]. When a lack of trust could be a result of a
faulty system, overtrust would be present when the system showed
high reliability [41].

2.3.3 Time-Critical Decision-Making. In dynamic environments,
time often plays a key role in the decision-making process as there is
a lack of time to react to the situation and make a well-thought-out
decision [75]. Time pressurewill likely affect a person as the stressor
of running out of time leads to the fear of failing to complete a
task [62, 89]. The research community has extensively explored how
stress affects user interaction and how decision support systems
(DSS) can help users overcome errors in these situations [1, 67, 74].
DSSs provide the user with the information that could support their
decision for a task. This, however, again runs the risk of introducing
automation bias [23]. Prior work further shows that DSSs usefulness
is reliant on the task and person [84] and implies that less decision
time also leads to more usage of the recommendation of the decision
support system [68, 81]. Though, Cao et al. [15] suggest in their
work that the participants are in fact more likely to follow the
automation of the support system when they are given more time.

3 METHOD
We conducted a within-subjects study across four conditions. Partic-
ipants were asked to monitor a group of simulated robots and strive
to have them follow their planned path as much as possible. At the
end of each monitoring task, participants answered questionnaires
to measure cognitive load and their perceptions of the UVs. After
the final task, we conducted a semi-structured interview to gather
their thoughts and opinions about the experience.

3.1 Study Design
We designed the study around monitoring multiple robots that
can show problematic behavior throughout their monitoring task
and simplified the capabilities of the robots. In the monitoring
task, the robots could only follow a pre-planned route, which they
could divert as this is a problem that can occur in the real-world.
Whenever a robot diverts from its planned route, we define its state
as being in a degraded state. If the robot does not find its way back
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to its original path, there is a risk of it entering a failed state, i.e., it
has fully stopped.

3.1.1 Conditions. We manipulated two independent variables to
explore the influence of explicit alerts in multi-robot systems. The
variables in question are:

(1) Cognitive load (Number of robots): Each condition pre-
sented a fixed number of robots - three robots for the low
cognitive load conditions and six robots for the conditions
with high cognitive load. We based this on the original fan-
out model [61] that suggests an operator can reasonably
monitor up to three robots, but above this number, the oper-
ator would find the monitoring task very challenging. We
chose to increase the number of robots yet keep the overall
number of events the same; thus, in both conditions, every 5
s, another robot would enter a degraded state. This is similar
to the study by Breslow et al. [10] where every 4 s, a threat
was randomly selected to appear in a new position, causing
damage to any UAV in that position. By holding the num-
ber of events constant in their study, they avoided the wait
time queue caused when multiple events occur simultane-
ously [25]. We follow this approach in our study design. The
increase in the number of robots on the map was intended to
increase the workload for the participants, requiring them to
scrutinize more locations to check for degraded robots. This
choice meant that in the high load condition, the number of
errors overall remained constant, yet the number of errors
per robot declined.

(2) Level of Support (Displaying warnings): To see if explicit
warnings affected the ability to perceive and react to robots
in a degraded state, we designed a binary condition of alert
salience with warnings displayed in the robot list on the side
in addition to the visible deviation on the map (high support)
and the (low support) condition in which no warnings were
displayed in the robot list in addition to the deviations shown
on the map.

We conducted a 2x2 study with the variables, resulting in four
conditions the participant needed to complete. We used a balanced
Latin square to mitigate ordering bias.

3.1.2 Platform. The study platform was implemented with React
and TypeScript and was developed to be used on a PC with a screen
size of at least 14". While we were inspired by several interfaces
from multi-robot research [2, 38], we were particularly inspired
by the map interface in the study by Breslow et al. [10], in which
participants monitored simulated robots by observing their position
on a map and interacted with them through a side menu beside the
map. In our study platform, robots move around on a map follow-
ing snake-like patterns (see Figure 1) typical for many coverage
tasks such as drone mapping missions and agriculture robots. Icons
indicating Normal, Warning, or Error states were displayed in the
robot list. Apart from seeing the position of the robots and any
deviations from their planned path on the map, the icons were the
only other means to assess the state of each robot. All participants
interacted with the same robots and paths specific to the different
study conditions.

3.1.3 Robot Behavior. We programmed the UVs to move slowly
and usually follow the planned path displayed on the map. To intro-
duce realistic tasks, the system randomly selected a robot to enter a
degraded state every 5 seconds, meaning it would begin to deviate
from its planned path. To make the degraded state noticeable, the
angle of the deviation was always 15◦ from the planned path. After
a robot entered this degraded state for 6 seconds, it would either
enter the Error state and stop completely or redirect itself back
to its planned path and resolve the degraded state. Alternatively,
participants could intervene and manually redirect a robot in the
degraded state back to the planned path.

3.1.4 Redirecting a Degraded Robot. When a user wants to resolve
a robot in a degraded state manually, they have to select the robot
in the robot list and then click on a point on the robot’s planned
path. A teal path displays the trajectory from the robot’s position
to the selected point, and the robot then begins moving toward the
point and rejoins the path. The type of redirection was made visible
through the path color on the map – automatic redirections resulted
in a path of the robot’s assigned color, and manual redirections
resulted in a teal path, as shown in Figure 3. We intended to make
it noticeable to the participant through the map of the various
moments in the task where the robot corrected itself and where
participants intervened to redirect manually.

3.1.5 Point System. To measure the effectiveness of the participant
actions in monitoring and correcting robots in degraded or error
states, we incorporated a point system where they would gain 10
points every second a robot followed the planned path. If the robot
entered a degraded state, it would earn only 5 points per second,
and if the robot fully stopped (failed state), no points would be
gained by that robot until the participant navigated it back to a
point on the planned path. The point system was explained to the
participants to incentivize them to be vigilant and work diligently
during the study. The accumulated points were displayed during
each task, as well as the points the individual robots had collected.

3.2 Participants
We recruited 22 participants (13 male and 9 female) who were
primarily students from the university whose ages ranged from 19
to 28 (M = 23.68), and none had difficulty with differentiating colors.
The number of participants was chosen based on the local standards
for in-person within-subject experiments [14]. All participants were
fluent in Danish, and 10 out of the 22 participants reported having
some experience with autonomous robots, mostly home appliances
such as robot vacuum cleaners and lawnmowers. The participants
were compensated for their participation and were told that they
could withdraw their data if they had any doubts regarding their
participation.

3.3 Procedure
The study was conducted in a meeting room to ensure that the
participants were not disturbed during the study. The study took
around 30-40 minutes per participant, where at least 20-25 minutes
were dedicated to using the study platform. We gave the partici-
pants a consent form, in which we informed them that they could
withdraw their participation at any time. Afterward, we asked the
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Figure 1: Screen capture of the study platform specifically for the condition with many robots and a high level of support. On
the side menu, three different icons are shown representing the different states. The blue icon with a tick represents a robot
acting normally, the orange icon with an exclamation point alerts that the robot is in a degraded state, and the red triangle
is shown when the robot has fully stopped, i.e., it has entered a faulty state. In conditions with low support, the orange icon
would not be displayed.

Figure 2: On the left side menu, when a robot is selected, the item expands providing more detailed information about the
robot’s state a button that can be clicked to activate manual redirection.
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Figure 3: Example of a robot diverting from its planned path and how it has been redirected. Automatic redirection: The
robot has automatically resolved its degraded state, showing the actual path with the robot’s color. Manual redirection: The
participant has selected a point in the path the robot will move toward. The robot’s path from the redirection is shown in teal.

participants about their experience with autonomous robots to
gather information about their opinions of these devices. We did
not give much information about what the study was about other
than that they would be instructed to monitor a group of robots
doing some tasks, as we wanted the participants to complete the
study without prior knowledge.

Participants were seated at a desk with a 14" MacBook Pro with
a browser in full-screen mode presenting the system. The system
prompted them to fill in their demographic information, followed
by a tutorial showing how the system worked and details about
the upcoming tasks in the study. The tutorial displayed a map of
two robots following planned paths as shown in Figure 1 with an
addition of a guided tour of the interface. They were instructed to
monitor the robots and ensure that they stayed on their planned
path as closely as possible to collect the highest amount of points.
We decided to introduce warnings in the tutorial as we wanted to
ensure that they understood how they could identify when a robot
was following the planned path and the ways to determine when
it has deviated from the path by either seeing that the robot has
deviated from the path on the map (see Figure 3) or by the warnings
provided in the side menu (see Figure 1). While the tutorial showed
the warnings, participants received additional instruction before
each condition that would explicitly state how the participants
could determine if a robot was in a degraded state by indicating

that the participant could look for warnings and the map or only
the map without warnings.

Each condition took 2.5 minutes to complete and was followed by
a questionnaire. The questionnaires were a combination of Klepsch
et al.’s naïve rating questionnaire for reporting cognitive load [52]
and three questions inspired by the work of Gilad et al. [33] about
how well people perceived an AI system given its warmth and
competence. The questionnaire was translated into Danish from
the original languages (German and English). While we instructed
the participants to answer as they understood the statements, we
did not refrain from clarifying them if the participants made it clear
that they did not understand the statement.

After completing all four conditions and questionnaires, we con-
ducted a semi-structured interview about their experience with the
different conditions and how their approaches to completing the
tasks differed from condition to condition.

3.4 Data Analysis
Objective measures were gathered to support analysis of the task
performance (see Table 1). Using the processed data, we checked
the data’s normality, and in cases where the data was not normally
distributed, wemade use of non-parametric tests. If the data showed
any significant difference between the different conditions, we
conducted a post-hoc test using the Wilcoxon test with Bonferroni
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correction to determine where the significance lay in the data. For
the questionnaire, we used the Aligned Rank Test (ART) [87] to
test for main effects and interactions between conditions. For the
free-form responses given both in the free text at the end of each
questionnaire and the post-interviews, we used Nvivo to conduct a
thematic analysis of frequent topics and themes the participants
mentioned.

4 RESULTS
Nearly all participants completed the study and attempted to re-
solve robots in degraded states. However, one participant chose
not to resolve robots in degraded states and preferred to watch
and not intervene in the robot tasks. We removed this participant’s
data from the final dataset, yielding the remaining dataset, which
consists of 21 participants.

4.1 Performance
We first assess participant performance across metrics such as the
number of errors generated by the robots, the number of times the
robots went off-track, total points, and the percentage of automatic
and manual resolves. We performed the Shapiro-Wilk test to test for
normal distribution and found that none of the data points for each
metric were normally distributed. We decided to use the Friedman
test to find significant differences in the conditions. If the result
showed significance, we performed aWilcoxon test with Bonferroni
correction to find which specific conditions differed significantly.

4.1.1 Errors. A Friedman test shows that the number of robots
entering into a failed state, i.e., went into a full-stop, was signifi-
cantly affected by our manipulation of cognitive load and support
(𝜒2 (3) = 16.695, 𝑝 =< .001). We, therefore, conducted a post-hoc
analysis using Wilcoxon signed-rank tests with Bonferroni correc-
tion. The results of our post-hoc tests are shown in Table 2. We
visualize our results as split out by the two predictors in Figure
4.A. The median values for conditions with a high level of support
(𝑚𝑒𝑑𝑖𝑎𝑛 = 0.0) were lower than those with a high cognitive load
and low level of support (𝑚𝑒𝑑𝑖𝑎𝑛 = 2.0). There were significant dif-
ferences between the conditions high cognitive load/high support
and high cognitive load/low support (𝑊 = 21.5, 𝑝 = .016) and high
cognitive load/low support and low cognitive load/high support
(𝑊 = 8.0, 𝑝 = .010).

4.1.2 Off-track. The number of robots going off-track, thereby
entering a degraded state, showed significant differences between
the conditions (𝜒2 (3) = 8.346, 𝑝 = .039). However, after conducting
the post-hoc test, the differences between the conditions were in-
significant. This suggests that the behaviors of the robots across
the conditions were consistent, which was expected because the
behaviors of all robots followed the same logic and had the same
likelihood of entering a degraded state.

4.1.3 Automatic Resolves. The proportion of robots automatically
resolving their degraded state showed a statistically significant
difference depending on the study conditions (𝜒2 (3) = 38.957, 𝑝 =<

.001). The condition with high cognitive load and low support had a
much highermedian value (𝑚𝑒𝑑𝑖𝑎𝑛 = 18.182) compared to the other
conditions (𝑚𝑒𝑑𝑖𝑎𝑛 = 0.0), as shown in Figure 4.C. After performing
the Wilcoxon test with Bonferroni correction, the results shown

in Table 3 indicate that the condition with high cognitive load and
low support were significantly different from the remaining three
conditions: high cognitive load/high support (𝜒2 (3) = 6.5, 𝑝 = .001),
low cognitive load/low support(𝜒2 (3) = 1.0, 𝑝 = .001) and low
cognitive load/high support (𝜒2 (3) = 0.0, 𝑝 =< .001).

4.1.4 Manual resolves. Performing the Friedman test, we found
that there was no significant difference in the number of manual
resolves of robots in a degraded state (𝜒2 (3) = 5.283, 𝑝 = .152). This
indicates that the participants were consistent across conditions
in their decision to manually navigate a robot back on its planned
path when it had gone off-track.

4.2 Timing
We look at the metrics related to measured time, such as how long a
robot was in a degraded state or how long it took for participants to
manually direct a robot back to its planned path when it entered a
degraded or failed state. The same statistical analysis was performed
on the timing metrics as for the performance metrics.

4.2.1 Error time. The Friedman test results showed that there was
a significant difference across conditions for how long the robots
were in a failed state (𝜒2 (3) = 10.641, 𝑝 = .014). The results from
the Wilcoxon test with Bonferroni adjustments shown in Table 5
indicate that only the conditions with high cognitive load/high sup-
port and high cognitive load/low support are significantly different
(𝑊 = 3.0, 𝑝 = .028). Figure 5.A also shows that the accumulative
time robots were in a failed state was higher for some participants
when there was low support (𝑚𝑒𝑑𝑖𝑎𝑛 = .400) compared to the oppo-
site (𝑚𝑒𝑑𝑖𝑎𝑛 = 0.0). However, the median values do not imply such
a big difference, and the significance could be a result of individual
participant skills rather than being a consistent effect.

4.2.2 Off-track time. From the Friedman test results, there was a
statistically significant difference between the conditions (𝜒2 (3) =
17.743, 𝑝 =< .001) and the post-hoc test reveals that the conditions
with high cognitive load/low support were significantly different
from the remaining three conditions as shown in Table 6. From
Figure 5.B, this difference is seemingly due to the robots being
longer off track in total compared to the remaining conditions,
indicating that it either took longer for the participants to notice
that a robot had entered a degraded state, but it could also be
because the participant navigated the robot to a point that was far
away from their position at the time, thereby leading to the robot
being outside its planned path for a longer duration.

4.2.3 Reaction to Error. A significant difference was found for the
metric representing how long it took for a participant to move a
robot back to its planned path after it had entered a failed state
(𝜒2 (3) = 9.769, 𝑝 = .021). However, the post-hoc test revealed that
after performing the Wilcoxon test with Bonferroni corrections,
there was no significant difference between the different conditions.
This implies that the amount of time the robots stayed in a failed
state did not differ much between conditions.

4.2.4 Reaction to Off-Track. We discovered a significant difference
in how long it took for participants to resolve a robot that had
gone into a degraded state. The Wilcoxon-test with Bonferroni
correction displayed that the differences could be found for the
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Performance Metric Description

Number of errors Number of times the robots went into the failed state (full stop).
Number of off-track Number of times the robots went into a degraded state (off-track).
Percentage of auto-resolves The number of times the robot auto-resolved its degraded state out of the total

amount of times the robot went out of a degraded state.
Percentage of manual resolves The number of times the participant resolved a robot’s degraded state out of

the total amount of times the robot went out of a degraded state.
Total points The total number of points gathered in the session
Time error The accumulative number of seconds the robots were in a failed state.
Time off-track The accumulative number of seconds the robots were in a degraded state.
Time to react to error The average amount of seconds it took until the participants resolved a robot’s

failed state.
Time to react to off-track The average amount of seconds it took until the participants resolved a robot’s

degraded state.

Table 1: Captured metrics in the processed data.

Figure 4: Boxplots of the performance metric data that showed significance in the Friedman test. The boxplots shown are the
following: A. Number of Errors, B. Number of Off-tracks, C. Percentage of Auto-Resolves, and D. Total Points.

Comparison
Cogn. load Support Cogn. load Support Mean Dif. SE W p-value

High load High support - High load Low support -1.524 .440 21.5 .016
- Low load High support 0.0 .320 22.0 1.0
- Low support -0.476 .496 19.0 1.0

Low Support - High support 1.524 .406 8.0 .010
- Low support 1.048 .537 34.5 .264

Low load High support - Low support -0.476 .456 20.5 1.0

Table 2: Post-hoc analysis for Number of Errors using Wilcoxon test with Bonferroni adjustments. P-values displayed after
performing Bonferroni correction and values where p < .05 are highlighted with bold.

condition with high cognitive load/low support and the remaining
three conditions, but also between the two conditions with low
cognitive load (𝑊 = 34.0, 𝑝 = .020). As shown in Figure 5.D, we can
see that this difference was due to the response time to a degraded
robot being longer for conditions with low support.

4.3 User Perception
We assess the self-reported feedback the participants provided in
the questionnaires that were given after every condition, as well as
their responses in the post-interview after completing the study.

4.3.1 Cognitive load. We report the significant effects of the cogni-
tive load and level of support uncoveredwhen using theARTool [87]
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Comparison
Cogn. load Support Cogn. load Support Mean Dif. SE W p-value

High load High support - High load Low support -12.964 2.621 6.5 .001
- Low load High support 2.756 1.903 0.0 .163
- Low support 1.173 1.934 11.0 1.0

Low Support - High support 15.720 2.096 0.0 <.001
- Low support 14.137 2.296 1.0 .001

Low load High support - Low support -1.583 1.303 2.0 1.0

Table 3: Post-hoc analysis for Percentage of Auto-Resolves usingWilcoxon test with Bonferroni adjustments. P-values displayed
after performing Bonferroni correction and values where p < .05 are highlighted with bold.

Comparison
Cogn. load Support Cogn. load Support Mean Dif. SE W p-value

High load High support - High load Low support 171.857 85.215 10.0 <.001
- Low load High support 4526.857 94.774 0.0 <.001
- Low support 4587.476 85.864 0.0 <.001

Low Support - High support 4355.000 88.162 0.0 <.001
- Low support 4415.619 77.889 0.0 <.001

Low load High support - Low support 60.619 85.960 61.0 .357

Table 4: Post-hoc analysis for Total points usingWilcoxon test with Bonferroni adjustments. P-values displayed after performing
Bonferroni correction and values where p < .05 are highlighted with bold.

Figure 5: Boxplots of the timing metrics are displayed in the following order: A. Time error, B. Time off-track, C. Time to react
to error and D. Time to react off-track.

on our collected data. We only report the results for the statements
where a significant main effect or interaction was shown in the
participant responses. See Figure 6 for a table of the aggregated
responses.

We found that for the first statement, a significant main effect of
the cognitive load (𝐹 (1, 60) = 20.156, 𝑝 =< .001) and level of sup-
port (𝐹 (1, 60) = 21.635, 𝑝 =< .001, which indicates that there was a
measurable impact on the participants’ answers given the increased
cognitive load and support. The same was apparent for the second
statement, where the cognitive load (𝐹 (1, 60) = 15.300, 𝑝 =< .001)
and level of support (𝐹 (1, 60) = 13.465, 𝑝 =< .001) also showed
significant main effects. As shown in Figure 6, when the cognitive

load is higher, participants tended to agree more with the statement,
especially in the condition where they were exposed to high cogni-
tive load and low support. The opposite was the case when there
was a higher level of support, where the participants would mostly
disagree. There was, however, no significant interaction between
the two effects for the first (𝐹 (1, 60) = .957, 𝑝 = .332) and second
statement (𝐹 (1, 60) = .023, 𝑝 =< .001), indicating that cognitive
load and level of support do not significantly affect one another.

We found that for statement five, the level of support had a
significant main effect on the participants’ responses on how ex-
hausting it was to find important information in the task (𝐹 (1, 60) =
14.662, 𝑝 =< .001). This indicates that the participants found it less



TAS ’24, September 16–18, 2024, Austin, TX, USA Bahodi et al.

Comparison
Cogn. load Support Cogn. load Support Mean Dif. SE W p-value

High load High support - High load Low support -3.295 1.718 3.0 .0284
- Low load High support 0.210 .631 17.0 1.0
- Low support -0.533 .949 20.0 1.0

Low Support - High support 3.505 1.581 9.0 .065
- Low support 2.762 1.664 21.0 .521

Low load High support - Low support -0.743 .848 18.0 1.0

Table 5: Post-hoc analysis for Time error usingWilcoxon test with Bonferroni adjustments. P-values displayed after performing
Bonferroni correction and values where p < .05 are highlighted with bold.

Comparison
Cogn. load Support Cogn. load Support Mean Dif. SE W p-value

High load High support - High load Low support -19.686 14.689 23.5 .004
- Low load High support 5.276 15.274 73.0 .882
- Low support -3.400 14.231 83.0 1.0

Low Support - High support 24.962 13.882 15.0 <.001
- Low support 16.286 12.761 29.0 .010

Low load High support - Low support -8.676 12.904 66.0 .533

Table 6: Post-hoc analysis for Time off-track using Wilcoxon test with Bonferroni adjustments. P-values displayed after
performing Bonferroni correction and values where p < .05 are highlighted with bold.

Comparison
Cogn. load Support Cogn. load Support Mean Dif. SE W p-value

High load High support - High load Low support -2.112 .403 9.0 <.001
- Low load High support 0.177 .478 90.0 1.0
- Low support -0.870 .393 52.0 .158

Low Support - High support 2.289 .387 0.0 <.001
- Low support 1.242 .363 21.0 .003

Low load High support - Low support -1.047 .369 34.0 .020

Table 7: Post-hoc analysis for Time to react to off-track using Wilcoxon test with Bonferroni adjustments. P-values displayed
after performing Bonferroni correction and values where p < .05 are highlighted with bold.

challenging to find the relevant information in the task when an
explicit warning was displayed.

4.3.2 Perception of autonomy. When it comes to the participants’
perception of the robots’ autonomous behavior, we found that
cognitive load has a significant main effect on their responses for
statements 8 (𝐹 (1, 60) = 9.403, 𝑝 = .003) and 9 (𝐹 (1, 60) = 9.575, 𝑝 =

.003). From their responses, which are visually represented in Figure
7, participants agreed more to the statements when the cognitive
load was high compared to when it was lower. This indicates that
for the conditions with a higher number of robots, the participants
perceived the robots to have more capable automation.

4.3.3 Free-Text and Post-Interview Responses. Qualitative data were
collected through free-text responses written at the end of each
questionnaire and contextual post-interviews. We cover the main
themes of their responses and beliefs about maintaining multiple
robots, their perception of autonomy, manual intervention to re-
solve degraded robots, and how they used the side menu. Finally,
we collect ideas for improving the interface. The responses were
given in Danish, and the quotes mentioned have been translated
into English to be as close as possible to their original meaning.
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Figure 6: Responses to the Klepsch et al.’s naïve questionnaire for cognitive load [52].

Maintaining multiple robots. We asked how manageable it was
to monitor a few robots compared to many robots; 66.66% of partic-
ipants reported that they did not find any of the conditions unman-
ageable, and the remaining participants who found that the task
could be difficult reported that it was not necessarily the number of
robots that was the problem but how the task was presented. One
participant said "I did not think it was unmanageable. Sometimes it
just took a little longer until I noticed, but I still had an overview of
them" (P4). Another said "I don’t think it really mattered that much
if there were more or fewer robots. I think it was more significant
whether you got warnings or not" (P18). However, the participants
also mentioned that while the tasks were not unmanageable, it was
easier to maintain fewer robots than many.

Perception of autonomy. To complement the Likert-type ques-
tions about the perception of autonomy, we also asked the partic-
ipants to discuss the robots’ capabilities. Though we did not ask

the participants to directly compare across conditions, surprisingly,
one participant mentioned a difference in robot abilities. P4 stated
"I personally think I do better with more robots than with fewer robots.
Perhaps it is because the frequency with which they drove wrong was
greater with the fewer robots". As explained previously, we kept the
number of alerts constant throughout conditions, which meant that
the individual robots were less likely to go into a degraded state on
average in the high cognitive load conditions.

The study platform was designed to randomly select a robot to
enter a degraded state, which sometimes meant that a robot would
go off-track and stop near a corner. In these cases, a robot could stop
very close to the planned path of the next row. Some participants
noted that this seemed like odd behavior because it was so close to
rejoining the path. One participant noted "[a robot] can go insanely
far and still straight up, but it can also come out a little bit [. . . ],
There was one [. . . ] where it had gone all the way over here. The dot
was almost on the line, but it was stopped"(P22). Another side effect
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Figure 7: Responses to the 7-point Likert scale on the perception of the robots’ autonomous behaviors.

of the randomly occurring degraded states was that some robots
entered a degraded state more than once during a session. Some
participants noticed this and remarked that seeing a robot fail more
than once led them to distrust that robot and to be more cautious
of its behavior compared to the others. One participant mentioned
that "[. . . ] if I could, I would have stopped it"(P13). Upon further
discussion, the participant explained that stopping the robot would
have resulted in fewer points, but they did not want to waste more
attention and effort on a problematic robot.

Resolving degraded state manually. 80.95% of the participants
expressed that they tried to resolve degraded robots manually rather
than wait for the robots to possibly resolve by themselves. Three
of those participants explained that they wanted to get as many
points as possible, so they directed the robots back to the path as
soon as they saw the degraded robot. The uncertainty of whether a
robot would resolve itself and some robots going to a degraded state
immediately after resolving it added to the participants’ preferences
of resolving the issues themselves. One participant suggested a
visual indicator that acts as "[. . . ] a kind of prediction of how big is
the chance that this will be resolved" (P22) so that the user could
evaluate the likelihood of that if it was a higher percentage of it
being resolved automatically so they could focus their attention
elsewhere.

Two participants responded that they were more lenient in al-
lowing the robots to resolve themselves, specifically when exposed
to many robots. One participant noted "[. . . ] there were times where
it took longer before I saw that the [robots] that diverted from their
path, but they sometimes went back themselves, which made me trust

them more" (P16). Another participant said "[. . . ] I directed them
immediately, but I trusted that they would maybe do it themselves
[. . . ]" (P15). Other participants also noted that they did not neces-
sarily allow the robots to redirect themselves in the conditions with
many robots, but because they were not fast enough to manually
redirect them, the robots managed to do it automatically.

Focus on theWhole vs the Parts . More than half of the participants
reported that when exposed to a high level of support (warning
messages provided in the menu), they used the map mainly as a
tool to navigate robots back on their planned path rather than as a
means to monitor the robots’ current state. Participants explained
their strategies for how they carried out their tasks, claiming, "I
did not really look at the map other than when I had to direct the
[robots] back" (P16) and "at first [. . . ] I kept an eye on the robots
themselves because I thought it was the easiest. And then it dawned
on me very quickly that it was much easier to just watch for the
warning signs" (P21). During the low support condition (no warning
messages in the menu), some participants reported shifting their
focus to the map rather than the side menu. One such participant
stated "When there were few robots, then I would primarily use the
map [. . . ] because it was easier to manage [. . . ] (P11). However, one
participant reported that they lost sight of the other robots because
when they saw a warning, they would immediately attend to it, and
when they would return to the side menu, they would find a new
robot that had gone off-track.

Although most preferred using the side menu when warnings
were displayed, six participants preferred to rely on the map. For
one participant, the menu was also a source of frustration where
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they mentioned "[. . . ] it frustrated me that I had to go to the side
menu because I felt that the side menu was redundant in a lot of
ways" (P3). Two participants expressed mixed opinions about the
side menu and claimed they did not need the dedicated side menu
to display warnings but then also stated that if the task involved a
larger map, then some robots might not be visible so that the menu
could be more helpful.

Suggested interface improvements. The system was designed to
be simple, with few UI elements and basic means of interacting
with the robots. We asked the participants if they had ideas for
improving the interface to support them in the task. Ideas focused
on increasing the options for selecting and interacting with the
side menu and map elements. Five participants mentioned that the
explicit warnings could also be designed to appear directly on the
map instead of only appearing on the side menu to reduce having
to look back and forth from the menu to the map. However, some
reasoned that the side menuwould still be useful if the task involved
more robots. Four participants also noted that too many steps were
needed to resolve a robot’s degraded state. They suggested that an
improvement could be moving the robots by clicking on their icon
directly on themap and dragging them to the desired target location.
One participant mentioned that instead of manually selecting a
point on the planned path for redirecting a robot, further interface
automation could be helpful and suggested that a button could be
clicked that automatically selects a point on the path and reduces
having to look between the map and side menu.

5 DISCUSSION
5.1 Maintaining Overview
An essential element in this study was incorporating the side menu,
which displays the robots’ state and, in two conditions, explicitly
signaled to the participant that one or multiple robots had gone
into a degraded or failed state. From the participants’ responses,
we found that the majority would focus on the side menu in the
conditions where they would be notified if a robot had entered a
degraded state. While participants were faster and found it eas-
ier to detect when the robots entered a degraded state when only
looking at the side menu, they also expressed a loss of overview
of the remaining robots. Participants did not seek to understand
the robots’ relation to their space on the map; instead, they fo-
cused only on the moment-to-moment events. This behavior can
be problematic, especially when relating it to situation awareness
design theory [45] since the user no longer considers the situation
as a whole. Situational awareness has been a prevalent topic in
monitoring systems as mentioned in section 2, where it is favored
for a person to perceive the elements in the system, such they can
comprehend their meaning and project what implications they have
in the future [30]. With the current layout of the system, our result
suggests that the user is incentivized only to pay attention when
alerts appear rather than grasp the whole situation, which can neg-
atively impact their situational awareness—something that should
be avoided in a multi-robot system.

Recommendation 1: Multi-robot interfaces need to balance
explicit alerts that support the monitoring task yet encourage users
to keep an overview of the whole situation rather than only parts

of it. Designers should consider providing information in a manner
that incentivizes maintaining a holistic perspective and prevents
hyperfixation on specific interface elements. Commercial pilots
undergo training to develop good scanning behaviors across the
instrument panel and horizon to improve situation awareness [79].
Designers should consider techniques for encouraging novices to
adopt effective visual scanning practices.

5.2 Interaction Strategies
From both participants’ performance data and the qualitative re-
sponses, we observed a consensus that a high level of support,
i.e., being shown explicit warnings, was preferred and positively
affected participant performances, specifically when given many
robots to maintain. While participants reported that they did not
personally feel like any of the tasks were unmanageable, our data
shows that they performed worse when confronted with a high
cognitive load and low support, both in terms of the number of
errors and total points. This difference could also be due to how
the participants approached the tasks. If a warning were explicitly
shown on the side menu, they would primarily look there and only
use the map to navigate the robots back when needed. From the
reported feedback, we found that even when participants started
out trying to maintain a broader overview of the robots by system-
atically scanning the map, when they saw an approach they found
easier, they would quickly change their strategy to whatever they
felt would help produce more points.

Some participants suggested potential solutions to the issue of
continuously looking back and forth from the map to the side
menu. Instead of separating the two elements from one another,
warnings should also be displayed on the map itself, for example, by
highlighting the faulty robot. If the user is already monitoring the
map, they can detect robots in degraded and faulty states without
relying on the side menu to gain this information. While research
has already explored ways to notify users through the map [42, 49],
they have primarily focused on how domain experts would interact
with amulti-robot system. Our work involved non-expert users, and
from the limited time and knowledge we gave them, they quickly
found a monitoring strategy that would help them accomplish
their tasks while gaining the most points. This simple interface
provided a clear perspective of which interface elements had a
direct influence on participant behavior. It displayed that when
presented with alerts, even when starting without explicit alerts,
they quickly saw how their task could be less tasking if changing
strategies.

Many interface designs in multi-robot research utilize a similar
design approach, with the map and another interface component
to provide an area to provide more information about the robots’
states [17, 26, 70, 71]. Though our study interface is straightfor-
ward and therefore limits our findings’ applicability to real-world
applications, our results indicate that multi-robot research should
consider designs that do not visually separate information from
one another as it increases the number of steps to complete the
monitoring task.

Recommendation 2: As autonomous systems become more
readily available for the general audience, designers must ensure
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that potential users monitor responsibly without fixating on achiev-
ing an immediate task. Our study displays that novices quickly find
strategies that lessen the task load by removing the number of steps
it takes to help a robot. Designers need to thoroughly consider how
adequate monitoring behavior is not distinctly more demanding
than inadequate monitoring behavior.

5.3 Distrust in Automation
Capiola et al. [16] presented in their work that there was a need to
understand if self-correction affected the participant’s perception
of the autonomous capabilities of the robots. We addressed part of
this by allowing the robots to resolve their degraded state after a
few seconds. From the responses, we found that the majority of
participants were primarily distrustful of the robot’s autonomous
behavior. Instead, they would rather manually resolve robots in a
degraded state than allow the robots to do it by themselves. The
distrust came from the uncertainty of when the automation would
happen and whether the outcome would align with their expecta-
tions. This sentiment has been highlighted in previous work, where
the experience with automation that frequently fails impacts a
user’s trust in its capabilities [58, 76]. However, interestingly, some
participants reported that in conditions with higher cognitive load,
it seemed as if the robots were more capable of resolving them-
selves. Some mentioned that they were more trusting of the robots
in these scenarios, which is also reflected in the questionnaire re-
sponses (see Figure 7). This could also add to the performance data
indicating that more auto-resolves happened at high cognitive load
than when fewer robots were displayed. However, the increase
could also be due to increased reaction time to an off-track event.
Therefore, some auto-resolve was not done voluntarily but rather
because the participants were not fast enough to manually correct
it themselves.

From the results, we can see that there is an indication that when
the task is sufficiently simple, participants would rather trust their
own ability when possible, as also indicated by previous work [54].
Still, as our results show, when the complexity or cognitive require-
ments of a task increase, participants are more lenient in allowing
autonomous behavior to take over or assist in the task. Our results
also suggest that even if the task is seemingly simple, the amount of
time it takes to resolve a degraded state also significantly influences
how autonomously a robot is allowed to act.

A big part of why the participants did not allow the robots to
redirect themselves autonomously was the unreliability of when
they would be successful. One participant mentioned that display-
ing the probability of the robot self-resolving a degraded state could
make the capabilities of the robot more transparent and provide
enough information for the user to determine whether they want
to take over themselves. We have seen many studies of explain-
able AI (XAI), where the aim is to make it more clear to the user
why and how an AI has provided the answer it has. Particularly,
we have seen many examples of how to display probability and
certainty for the detection of objects [7, 29] and the functionality of
the AI [44, 48, 83]. Given the rise of XAI research, incorporating the
research space into monitoring autonomous robots could provide
novel insights that allow users to make more informed choices.

Recommendation 3: As automation is necessary for a system
where multiple agents work simultaneously, designers need to
consider how to visualize and explain the robots’ capabilities and
intentions to the user. This transparency will help them delegate
tasks such that in a stressful and overwhelming situation, the user
is aware of which robot can complete a task themselves, and the
user can focus on more complex and problematic areas.

5.4 Limitations and Future Work
There are various limitations of our work related to sample size and
diversity, duration of use, and generalizability that should be noted.
Our study involved data from relatively few participants (N = 22),
primarily students from a European university. While gaining in-
sights from a larger number of participants and views from other
contexts would be useful, the number of participants is in line with
community standards for experiments [14]. We acknowledge that a
wider participant pool from other cultures might yield more diverse
attitudes and beliefs about automation, which we will consider in
future studies. The study focused on short monitoring tasks that
were a few minutes in duration. While the insights from this study
provide initial impressions of how users respond to explicit alerts,
studies of longer duration are important next steps to understand-
ing the strategies emerging as users transition from novice users to
experts. The generalizability of our results may be limited, consider-
ing that participants utilized a simulation of robots with a reduced
set of interactive features instead of controlling actual fleets of
robots. In future work, more realistic studies involving higher com-
plexity and real-world consequences will be helpful and necessary
as companies increasingly bring autonomous robots into various
new work contexts (e.g., agriculture [46]). Exploring how XAI and
other intelligent systems, such as conversational agents [70], can be
used in multi-robot systems is also encouraged, given the uncertain-
ness of automation presented in the results. Additional directions
for future work include investigating the design considerations in
this paper and how they improve the effectiveness of presenting
alerts and robot status for monitoring groups of robots, as well as
enabling the operator to understand the evolving situation and take
the appropriate action when required.

6 CONCLUSION
We examined how the explicit display of alerts can affect a per-
son’s performance and perception in a multi-robot monitoring task.
We asked participants to monitor the status of robots that were
actively engaged in a coverage task in which they should follow
a pre-determined path. The robots could go off-track at any time,
and potentially redirect themselves back to the path. Participants
were asked to monitor and intervene by redirecting robots if they
wandered off track or stopped completely. The results of the within-
subject design showed that having a higher level of support would
motivate the users to only look at the robots’ status in a robot list
rather than observe their behavior on the displayed map. They
would also perform better when monitoring fewer robots that dis-
played explicit warnings prior to entering a failed state and faster
reaction time to robots going off-track. However, incentivizing
users to focus on alert messages and ignore the map could lead to
a loss of overview and degraded situation awareness. Participants
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also reported that as the presented task was fairly simple, they did
not trust the robot to redirect itself and would consequently try
and manually redirect them when needed. However, as the task
complexity became more difficult, they became more reliant on
automation. Instead of using the common design of a side menu for
alert information, future research could examine how to design and
integrate status information directly into the map or other ways
to avoid fixation habits when monitoring multi-robot systems and
other complex environments. This work becomes increasingly im-
portant considering the rise of human-AI collaboration in various
contexts.
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