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Abstract 
Autonomous drones are increasingly used across various domains, 
yet critical situations can arise, and little research exists on how 
users prefer to be alerted during these events. In multi-drone control 
scenarios, where human-machine interfaces are used to monitor 
multiple drones simultaneously, alerting preferences are critical 
for ensuring situational awareness and timely decision-making. 
This paper explores multimodal alert design preferences in a user-
centered approach. In an online survey, drone pilots identified 
critical scenarios, with collision risks, signal loss, and hardware 
problems being the most prevalent challenges. The subsequent 
study examined notification preferences for multi-drone control 
interfaces. Participants designed alerts for critical scenarios that 
were created based on the findings from the first survey. Using a 
printed control room interface with drone feeds and a map view, 
participants created multimodal alerts combining visual cues (e.g., 
frames, text), auditory signals (e.g., beeps), and, less frequently, tac-
tile notifications (vibrations). This work bridges real-world drone 
operation challenges with user-centered multimodal interface de-
sign for autonomous systems. 
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1 Introduction 
Drones are increasingly used in many fields, such as agriculture 
[35], transportation [21], search and rescue [17], or for private pur-
poses [34]. Companies, such as Amazon (Prime Air1) and Wing2 

already offer delivery services using drones. As outlined in the 
Artificial Intelligence Act of the EU3 , the design of high-risk AI 
systems has to ensure effective human oversight. Drone technol-
ogy is advancing in two key directions: developing sophisticated 
autonomous flight planning systems [37, 41], and moving from 
single-drone operations to multi-drone systems [2, 5, 8, 40]. Over-
seeing multiple unmanned aerial vehicles (UAVs) at the same time 
poses challenges in maintaining situational awareness and manag-
ing critical events. In such multi-drone control rooms, an effective 
interaction design of human-machine interfaces (HMIs) is crucial 
to alert operators in critical situations properly. When poorly de-
signed or excessive, alerts can overwhelm users, possibly leading 
to delayed responses in time-critical scenarios [4]. Well-designed 
alerts are necessary to enhance the operators’ ability to recognize, 

1https://www.aboutamazon.com/news/operations/mk30-drone-amazon-delivery-
packages, last accessed on August 21, 2025 
2https://wing.com/, last accessed on August 21, 2025 
3https://artificialintelligenceact.eu/article/14/, last accessed on August 21, 2025 
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prioritize, and respond timely to critical events. Despite the increas-
ing prevalence of autonomous drones, research on user-centered 
designs of alerting mechanisms for multi-drone interfaces remains 
sparse. In this paper, a user-centered approach is used to explore 
drone operators’ preferred alert designs using real world critical 
scenarios identified by drone pilots. We provide actionable insights 
for the development of multimodal HMIs that support safe and 
efficient multi-UAV operations. 

Our work expands upon human-computer interaction (HCI) find-
ings showing the benefits of using a combination of modalities for 
alerts when an operator needs to take control of a semi-autonomous 
drone during a critical situation. Gundappa et al. [15] found that 
combining auditory alerts with visual icons and spoken messages 
helped operators to be more accurate and better understand critical 
situations. We focus on interface design for monitoring of several 
semi-autonomous drones in a control room scenario. In particular, 
our contributions include the following: 

• We identified the most commonly occurring critical scenarios 
during drone flight by conducting an online user survey with 
55 drone pilots (see Section 4); 

• We explored which combinations of alerts (visual, auditory, 
or tactile) work best for control room interfaces monitoring 
multiple drones in an elicitation lab study (see Section 5). 

We worked directly with experienced drone pilots throughout 
this process. 

2 Background 
Effective interfaces for monitoring autonomous systems are crucial 
as operators need to maintain awareness and intervene in criti-
cal situations. Prior work has examined both the nature of these 
critical situations and how interfaces can alert operators when in-
tervention is needed. We review critical scenarios in autonomous 
systems in both automotive and drone contexts. We then discuss re-
search on multimodal alert interfaces designed to support operator 
monitoring and intervention in autonomous systems. 

2.1 Critical Scenarios in Autonomous Systems 
Critical scenarios in autonomous systems have been studied mainly 
in automotive contexts. Researchers have defined critical scenarios 
in several ways: any scenario in which a collision occurs [23, 24], 
or near-collision situations [16], situations containing dangerous 
behaviors such as pedestrian encounters at high speeds [1], and 
cases where predefined critical states are reached, such as unsafe 
proximity to other agents [11]. Researchers have also developed 
automated methods for the generation of critical scenarios such as 
DeepCollision, which uses reinforcement learning to discover envi-
ronmental configurations that could lead to crashes [29], though 
concerns persist regarding scenario realism. Such automated meth-
ods for discovering critical scenarios have not yet been developed 
for autonomous drone operations. 

Unlike autonomous vehicles that operate on constrained road 
networks, autonomous drone operations face a wider range of 
safety-critical situations due to navigation in complex airspace. 
While automotive critical scenarios often focus on immediate phys-
ical interactions (e.g. pedestrian collisions), drone operations also 
involve evolving situations that could lead to system failures or 

loss of control. For example, unexpected battery drain during flight 
could develop into a critical scenario if it threatens the drone’s 
ability to return safely, as drones cannot simply stop in place like 
ground vehicles. A recent blog post by a drone insurance company 
on insurance claims highlights the most frequent critical scenarios 
that involve primarily damage to the drone itself and focuses on 
cases where the drone needs to be replaced4 . The most common 
claims include pilot error, loss of data link, accidental damage, bird 
strike, and accidental loss. Our study addresses a wider range of 
critical scenarios beyond just physical drone damage. To identify 
realistic critical scenarios that can occur in semi-autonomous drone 
operations, we conducted an online user survey with experienced 
drone operators. 

2.2 Multimodal Alert Interfaces in Autonomous 
Systems 

Multimodal alert interfaces in monitoring systems can present in-
formation through different types of sensory feedback (such as 
visual, auditory, or tactile) to alert operators about critical situa-
tions that require their attention or intervention. Given the range 
of critical situations in autonomous systems, effective alert design 
within monitoring interfaces is crucial for operator intervention as 
interface design significantly affects the operator’s situation aware-
ness [31]. Research on alert interfaces in autonomous systems has 
mainly focused on autonomous vehicles [19, 20, 22, 26, 30, 32, 45– 
48]. A key focus has been on takeover requests (TORs)–alerts that 
prompt operators to resume control of an autonomous system dur-
ing critical situations. Researchers have explored ways to improve 
these alerts through different presentation modalities, including 
visual cues [32], auditory alerts [22], tactile feedback [47], and olfac-
tory signals [30]. Research showed that users preferred multimodal 
warnings [45], and that takeover requests combining visual, au-
ditory, and/or tactile modalities led to better driver performance 
than single-modal alerts [19, 20]. This improved performance may 
be due to the redundancy provided by multiple modalities work-
ing in a complementary way [26, 48]. Visual and auditory combi-
nation is the most studied type of bimodal takeover requests in 
HMIs [9, 27, 32], likely because drivers are already accustomed to 
interacting with vehicles through these interfaces. Research shows 
that timely audio-visual explanations of upcoming maneuvers im-
prove response times and obstacle avoidance [6]. 

In the drone context, Gundappa et al. [15] found similar benefits 
of multimodal alerts while flying a semi-autonomous drone. Partic-
ipants had no prior drone flying experience and were instructed to 
make decisions in critical situations while controlling a single semi-
autonomous drone. The study examined a language-based takeover 
request system that combined auditory signals, visual icons, and 
spoken messages. As in automotive studies, the authors found that 
this multimodal approach led to better performance: Participants 
showed higher accuracy and better recognition of critical situations 
compared to conditions using spoken messages alone or simple 
auditory signals. 

The unique challenges of monitoring multiple semi-autonomous 
drones in complex environments necessitate specific research on 

4https://www.coverdrone.com/eu/an-insight-into-coverdrones-2024-claims/, last ac-
cessed on August 21, 2025 
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Online User Survey 

Participants 
55 experienced drone pilots 

Task 
Describe 3 critical scenarios 

from real experience 

Data Collection 
154 critical scenarios 

Survey Implementation 

• Online questionnaire (20-30 minutes) 
• Open-ended responses with detailed prompts 

Figure 1: Survey design for eliciting critical scenarios in drone operations. Experienced drone pilots (N = 55) were asked to 
describe realistic critical situations, resulting in 154 scenario descriptions. 

operator alert preferences during critical situations. Therefore, we 
conducted an elicitation study to understand how operators would 
prefer to be alerted and their preferences for alerting modalities 
and visual interface design in control room environments. 

2.3 Alerting Systems in Aviation 
The design of alerting systems in aviation provides important in-
sights for drone alert interfaces. Research by Lilliboe et al. [28] 
showed that pilots respond faster to taped voice warnings than to 
equivalent visual warnings, highlighting the importance of modal-
ity in alert design. 

The effectiveness of audio alerts depends greatly on how they 
are presented. Studies have shown that pilots prefer audio alerts 
that can be canceled, as continuous alerts are often perceived as 
excessive and disruptive to communication and problem-solving 
tasks [42]. Ulfvengren et al. [42] also found that auditory icons 
and animal sounds are easier to learn and that sounds with higher 
associability to their functions result in faster pilot responses. 

Another challenge in aviation alert systems is the proliferation 
and poor standardization of alerts, which can lead pilots to view 
them as more of a nuisance than a help [4]. To address this, Patterson 
et al. [33] proposed a multi-level priority framework for civil aircraft 
warning systems. This framework categorizes alerts into three 
urgency levels: immediate-action warnings with the highest priority 
using a limited set of compatible sounds, lower-priority alerts using 
attensons (attention-getting sounds), and voice alerts integrated 
into the overall system. 

For visual alerts, systems that provide clear instructions on what 
actions to take and indicate which systems remain operational have 
been found to better support pilots in high-stress scenarios [38]. 
These displays present specific actions and provide feedback by 
removing the instruction once the action is completed. 

3 Research Process 
Our research process comprised two studies to understand alert de-
sign preferences for critical situations in multi-UAV control rooms. 
To present participants with valid critical situations, we asked drone 
pilots in a first online survey to provide detailed descriptions of 
critical drone flight scenarios. In the second user study, we focused 
on the scenarios most frequently mentioned in the first survey and 

invited drone pilots to choose their preferred modalities to signal 
such critical situations during flight. The studies were approved by 
our institution’s Ethical Review Board. 

4 Online User Survey 
In our online user survey, we asked people who are experienced 
in flying drones to provide examples of critical scenarios that can 
occur or have actually occurred while flying a drone. Figure 1 shows 
our survey design to identify critical scenarios in autonomous drone 
operations. 

4.1 Method 
4.1.1 Sample. We recruited 59 participants through mailing lists 
and by reaching out to companies, civil protection agencies, and 
volunteer organizations that use drones. Two participants were 
excluded due to invalid responses and two further participants were 
excluded because they answered "no" to the question "Do you have 
experience in flying a drone?". Of the remaining 55 participants, 53 
identified as male and 2 as female (age: M = 45, SD = 14.16, range: 
18-75). The online questionnaire took 20-30 minutes to complete 
and was available in both English and German. Participants could 
enter a raffle to win 20€, with email addresses stored separately to 
maintain anonymity. 

Fourty-eight participants indicated that they have a formal per-
mit to fly a drone in their country. Two participants reported that 
they fly drones seldomly. Twenty-three fly drones occasionally, 

Table 1: Distribution of drone applications reported by par-
ticipants. 

Application Type Frequency 
Agricultural 41 
Media/PR 21 
Safety/Surveillance 9 
Survey/Photogrammetry 9 
Recreation 9 
Documentation 8 
Education/Research 5 
Note: Multiple responses per participant were possible 
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24 participants often fly drones and six participants reportedly 
fly drones almost every day. Six participants have flown multiple 
drones at the same time. 

The participants reported multiple applications for their drone 
operations, as shown in Table 1. Agricultural work was the most 
frequently mentioned, with 41 participants reporting agricultural 
applications, including locating roe fawns in fields scheduled for 
cropping (36) and other agricultural tasks such as field spraying or 
disease prevention (5). Professional applications were also common, 
covering media production and public relations (21), surveillance 
and safety monitoring (9), surveying and photogrammetry (9), and 
infrastructure documentation (8). Five participants reported educa-
tional and research applications. Recreational uses included general 
hobby activities (8) and drone racing (1). 

4.1.2 Procedure & Task. The survey was conducted with a LimeSur-
vey5 questionnaire. Participants had to read and agree to data pri-
vacy terms and regulations. After demographic questions and ques-
tions about their drone usage, the instructions for the task followed: 

“Imagine your drone flies autonomously and you monitor it. At 
some point, the drone encounters a problematic situation. Try to 
think of a realistic and likely situation that could have or actually 
happened to you. Please describe the situation as detailed as possi-
ble. Where does it take place? What are the conditions? What is 
the environment? What led to the situation?” 

Each participant received this instruction three times and could 
describe three distinct critical situations in open text fields. Some 
participants reported fewer than three situations, resulting in a 
total of 154 critical situations. 

4.2 Results 
4.2.1 Intercoder Reliability. For the analysis of the open text field 
results, two coders agreed on codes, such as signal loss or collision 
with a tree, that they created inductively based on the collected 
responses [36]. Subsequently, each coder independently assigned 
the responses to the corresponding codes. The intercoder reliability 
was calculated using Cohen’s Kappa which measures the agreement 
between two independent coders and accounts for the agreement 
occuring by chance, with values closer to 1 indicating stronger 
agreement [10]. According to Landis and Koch [25], a Kappa value 
between 0.61 and 0.80 indicates substantial strength of agreement 
while values between 0.81 and 1.00 represent the highest category 
described as almost perfect. Thus, the intercoder reliability in our 
study can be considered substantial exceeding the threshold of 0.61 
with a Cohen’s Kappa of 0.73 and is therefore sufficiently high to 
interpret the results [25]. Differences in code assignments were dis-
cussed, and the coders agreed on a common assignment. A detailed 
codebook with all created codes and frequencies can be found in 
the supplementary material6   . 

4.2.2 Code Frequencies. In 37 of the 154 critical situations, the 
participants reported an environmental context that can be catego-
rized as natural, e.g. over a field, forest, mountains or a lake. In 12 
situations, an urban context was mentioned, such as construction 

5https://www.limesurvey.org, last accessed on August 21, 2025 
6See supplementary material, file: codebooks_studies, sheet: survey 

Table 2: Most frequently mentioned critical situations. 

Situation Type Frequency 
Collision 56 
Pilot error 36 
Signal loss 24 
Hardware issues 19 
Battery issues 17 
Software issues 15 
Connectivity issues 14 
Flyaway* 10 

*Flyaway refers to drone becoming suddenly uncontrollable. 

zones or cities. In 24 situations, bad or impeding weather, such as 
strong winds, rain, or fog, were mentioned. 

A summary of the most frequently mentioned critical situations 
is shown in Table 2. Collision was mentioned the most (in 56 situa-
tions). It included collisions with trees, birds, helicopters, and power 
lines. In 36 situations, a pilot error, such as ignoring warnings or 
errors in mission planning, was described. Signal loss, for example, 
between the controller and the drone or a bad GPS signal, was men-
tioned 24 times. In 19 situations, hardware problems were reported, 
such as damaged electronics or propellers. Battery problems and 
problems related to the return of the drone (e.g. Return-to-Home 
cannot be activated) were reported in 17 situations each. Software 
problems, such as a software crash were described in 15 situations 
and not receiving an answer from the drone was mentioned 14 
times. In 10 situations, a flyaway (the drone suddenly becomes 
unable to maneuver and flies away for no apparent reason) was 
reported as a problematic situation. Other problems were described 
that were mentioned only once. For example, the safety functions 
would not work or the drone would not hold the position. 

5 Elicitation Study 
In the second study, we used an elicitation approach [3, 44] showing 
drone pilots the scenarios from the online survey and asking them 
about their preferred modalities and interface design for alerts, as 
shown in Figure 2. 

5.1 Method 
5.1.1 Sample. We recruited eight participants (all male; age: 𝑀 = 
36.88, 𝑆𝐷 = 10.10, range: 23-53) through mailing lists and by reach-
ing out to companies, civil protection agencies, and volunteer orga-
nizations using drones. We also distributed flyers on campus. All 
participants had prior drone flying experience and were fluent in 
German, as the study was conducted in German to maintain con-
sistency in data collection and analysis. In-person sessions lasted 
approximately 45 minutes and participants were compensated for 
their time. All participants indicated that they use some DJI drone 
model7 . Four of the participants fly a drone seldomly, one occa-
sionally, one often, and two participants fly a drone almost every 
day. 

7https://www.dji.com/, last accessed on August 21, 2025 
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Elicitation Study 

Participants 
8 experienced drone pilots 

Task 
Design preferred alerts 
for critical scenarios 
from online survey 

Data Collection 
Think-aloud sessions 

Audio recordings coded 

Study Implementation 

• In-person sessions (45 minutes) 
• German language 

• Think-aloud protocol 

Figure 2: Study design for eliciting preferred alert modalities. Experienced drone pilots (N = 8) designed multimodal alerts for 
critical scenarios identified in online survey. 

5.1.2 Procedure&Task. After reading and agreeing to data privacy 
terms and regulations, the participants completed a short demo-
graphic questionnaire on 8  LimeSurvey  . Subsequently, the experi-
menter described the study setup and led the participant through 
the study with standardized instructions. Participants were asked 
to imagine being a drone operator in a control room supervising 
multiple drones at once that deliver packages or look for fawns 
in fields. They were shown a paper prototype in A3 format of the 
splitscreen user interface (see Figure 3). On the left side of the user 
interface, there is a 3x3 grid displaying the first person view of 
each drone, and on the right side there is a map view showing the 
location of each drone. 

In four of these drones, one after the other, a critical situation 
arises in which the participants have to decide how they want to be 
informed about it. We used the findings of our first survey to cre-
ate these critical situations based on the most mentioned problem 
statements in Section 4.2. The most mentioned problem statements 
were paired with the most mentioned environments and weather 

8https://www.limesurvey.org, last accessed on August 21, 2025 

Figure 3: Split screen paper prototype that participants inter-
acted with in the second user study. 

conditions. The resulting critical situations were as follows (trans-
lated from German): 

1. Tree Collision: Your drone flies autonomously over a 
field. It is slightly cloudy and the visibility is good. The 
drone is flying towards a tree. There is a risk that the drone 
will collide with the tree. 

2. Signal Loss: Your drone is flying autonomously over hilly 
terrain. There is a strong crosswind. There is a risk of the 
drone drifting beyond the controllable range of the controls. 

3. Bird Collision: Your drone flies autonomously over a 
meadow. It is slightly cloudy and the visibility is good. A 
bird of prey appears in front of the drone. There is a risk 
that the drone will collide with the bird of prey. 

4. Insufficient Battery: Your drone flies autonomously 
over a forest. The temperature is between -10 and 0°C. The 
drone’s battery suddenly loses power. There is a risk that 
the remaining battery capacity will not be sufficient to reach 
the ground station. 

We have not included pilot error as drones fly autonomously in 
this study and pilot errors only lead to further errors, which are 
then relevant. For example, a participant described the scenario in 
which the terrain model was not taken into account when planning 
the flight, and the flight path was then closer to a tree than expected. 
In this case, the system in our study informs the drone pilot solely 
about the tree that is in the way and not about the pilot error 
that happened beforehand and is not of interest to us. The order 
in which the four situations were shown to the participants was 
pseudo-randomized with a Latin square. Before starting with a 
training phase, participants were introduced to the design space of 
different modalities and possibilities that they had to be alerted by 
the system. 

For the visual modality, we prepared a desk with blank white 
paper, different (colored) pens, and post-its of different shapes, sizes, 
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Figure 4: A participant during the elicitation study drawing 
something while wearing a smartwatch. On the table, we 
can see a printed drone interface and a laptop with the alert 
soundboard. 

and colors, as you can see in Figure 4. For the auditory modality, 
participants were presented with nine different alerting sounds and 
a text-to-speech (TTS) interface on a laptop. The presented sounds 
can be categorized into immediate alert sounds9 , and attention 
getting sounds10 , based on the recommendations from Patterson et 
al. [33]. The sounds were displayed in a 3x3 grid with play buttons 
so that participants could play each sound as many times as they 
wanted. On the TTS interface, they could enter the text, give it a title, 
and select either a female or a male voice from a drop-down list to 
read the text aloud. For the tactile modality, participants could select 
from nine different vibration patterns on an Apple watch SE (GPS), 
second generation, in the App Haptics - Test Haptic Feedback [12]. 
For each modality, participants were further encouraged to describe 
what they wanted to hear/see/feel if the options presented did not 
match their wishes. The design space was therefore not limited by 
what we presented to them or how well they were able to draw. 

After all modalities had been explored, the training phase began 
with a situation that was the same for all participants, as it was not 
taken into account for the evaluation: Your drone flies autonomously 
over a field. There is early morning fog. Moisture is entering the drone’s 
electronics and threatens to damage them. There is a risk that the 
drone will crash. After highlighting the most important aspects of 
the situation text, participants used the modalities while explaining 
in a think-aloud process how they would like to be alerted about 
the specific situation. Subsequently, they repeated this procedure 
in all four situations. The participants were audio recorded and 
filmed from behind to capture what they were drawing. Since each 
of the eight test subjects selected modalities for four situations, we 
obtained 32 data points. 

In Figure 4, you can see that a participant is drawing something 
while wearing our smartwatch for tactile feedback. The material for 
the visuals is laid out on the table in front of him together with the 
printed drone interface and a situation description that has already 

9e.g., https://freesound.org/people/austin1234575/sounds/213795/, last accessed on 
August 21, 2025 
10e.g., https://freesound.org/people/anthonychartier2020/sounds/560188/, last accessed 
on August 21, 2025 
For better readability, the remaining sound links can be found in the alert_sounds.pdf 
in the supplementary material 

Table 3: Distribution of alert modalities in think aloud ses-
sions (N=32 situations). 

Modality Type Design Element Frequency 

Visual 

Colors 26 
Icons 21 
Frame 18 

Text Info 16 

Auditory 
Beep 23 

Text-to-Speech 19 
Tactile Vibration 22 

Note: Multiple design elements could be selected for each situation. 

been highlighted. On a laptop, the soundboard can be seen with 
the nine alert sounds that we prepared. 

5.2 Results 
The audios of the think aloud session were transcribed and coded 
using MAXQDA 24 [43]. Two coders deductively created codes 
resulting from the modalities available in the study, such as vi-
sual, auditory, and tactile. Some more codes were added inductively 
after reading the first interview [36]. The coders independently 
assigned the participants’ answers to each critical situation to the 
appropriate codes [25]. With a Cohen’s Kappa of 0.62, the inter-
coder reliability can be considered substantial and is sufficiently 
high to interpret the results [25]. Differences in code assignments 
were discussed, and the coders agreed on a common assignment. 
A detailed codebook with all created codes and frequencies can be 
found in the supplementary material11 . Table 3 summarizes the 
distribution of the alert modalities in the think aloud session, which 
we examine in detail in the following sections. 

All participant quotes presented in the following sections have 
been translated from German to English. 

5.2.1 Visual. The participants created something visual in all 32 
situations. Table 4 presents the visual feedback elements that the 
participants created, with frequency and implementation examples. 
In 26 situations, participants chose colors to signal something. For 
example, one participant said: “If there is a hint such as the bird 
collision, that would be yellow. But if there is a critical problem 
where landing is required, then I would color it red”. In 21 situations, 
they described one or more icons that display, for example, a bird 
in critical situation 3, or a battery symbol with an exclamation 
mark in critical situation 4. In 18 situations, they wanted a frame, 
either around the drone on the map (mentioned in 2 situations), 
or around the first person view (11), or both (4). One participant 
described: “And if a red frame appears around drone five, then I 
also know which drone is affected”. In 16 situations, they wanted 
to read an info text on the screen, such as "Collision risk" in critical 
situation 1. An example statement for an overlay with info/icons 
(3) reads: “That would now be something general, that these are 
layers that can be switched on and off. And if a warning occurs, 
perhaps a configuration is selected for this warning category that 
fits. For example, in the case of wind warning, the wind map fits.”. 
Zooming in or out has also been mentioned (7) as a visual element, 
11See supplementary material, file: codebooks_studies, sheet: elicitation study 

461

https://freesound.org/people/austin1234575/sounds/213795/
https://freesound.org/people/anthonychartier2020/sounds/560188/


Seeing, Hearing, Feeling: Designing Multimodal Alerts for Critical Drone Scenarios ICMI ’25, October 13–17, 2025, Canberra, ACT, Australia 

Table 4: Visual feedback elements mentioned by the partici-
pants (N=32 situations). 

Visual Frequ- Example Implementations 
Element* ency 

Colors 26 Color-coded alerts 

Icons 21 Bird symbol 
Battery alert 

Frames 18 Frame around first-person view 
Frame around drone on map 

Text Info 16 Collision risk! 

Zooming 7 Automatic zoom in/out 

Overlay 3 Icon overlay on main display 

Flight Path 1 Visualization of drone’s trajectory 

Note: Multiple visual elements could be selected for each situation. 
*All icon images used in this table are taken from Flaticon.com. 

for example: “So, I would make the camera image larger somehow to 
raise alarm” (critical situation 2). Another visual element described 
is the flight path of the drone: “I would like to have a detailed map 
of where the drone is and its planned route. [...] Also the planned 
route and not just the history”. 

5.2.2 Auditory. In all 32 situations, participants chose the auditory 
modality. In 23 scenarios, a beep signal was described, for example: 
“[It] would be good if there was a signal, both physical and auditory. 
I think a simple beep would suffice here” (critical situation 2). In 8 of 
those 23 situations, participants chose sounds from the soundboard 
we showed them. 

Participants requested text-to-speech information in 19 situa-
tions and created specific text content for 14 situations. For example, 
one participant created the TTS info “Bird warning! Danger of drone 
colliding with a bird” for critical situation 3. Another participant 
typed in: “Battery warning! Power drop leads to insufficient capac-
ity to reach the destination” for critical situation 4. Of those 14 TTS 
texts, participants chose 4 in a female voice and 7 in a male voice. 
In 3 situations, they just created a text without actually choosing a 
voice and playing it. No specific TTS-info was created in the other 5 
situations. The participants solely explained that they want to hear 
spoken information, for example: “A warning is definitely not a 
bad idea. This means [I want] both the audio signal and the spoken 
text of the collision warning” (critical situation 3). 

5.2.3 Tactile. In 22 of the 32 situations, a vibration was described. 
In 8 situations, a vibration pattern was selected from the presented 
smart watch app. In the other 14 scenarios, the participants men-
tioned that they want to be alerted by a vibration without providing 
specific details. For example, one participant said for critical situ-
ation 2: “So we assume that we want to prevent [the drone] from 
getting out of reach. Then of course audio and text again. And 
similar to the first scenario, that you also get vibration feedback 
after a certain time, let’s just say ten seconds. But especially if you 
do not get the first two audio and text cues, you should also get 
vibration alerts”. Another participant described a red frame around 

the drone on the map and around the first-person view whenever 
the criticality was high and said: “In general, if you have a red 
frame, there is always a vibration with it”. 

5.2.4 General. All participants indicated that they would like to 
have a change in the cues adapted to the situation’s criticality. This 
was reflected, for example, in a longer, more frequent, or louder beep 
signal when the situation was more critical. It was also expressed in 
an added or more intense/longer vibration or a change in the chosen 
colors from green to orange to red. For example, one participant said 
about critical situation 4: “I actually probably see the warning level 
as lower here, haptics and beep, because although this is a serious 
problem, it is less urgent. [...] This is a slightly lower level of urgency 
because the battery temperature does not change suddenly. [...] That 
means [I choose] the slightly less prominent haptic, but hopefully 
still one that is well noticeable. One of the easily audible but less 
critical warning beeps”. Two people requested fixed warnings for 
specific cases as in aviation. For example, the warning for increased 
wind or low battery should always sound, look, and feel exactly the 
same so that they immediately know what to do. 

6 Discussion 
In our research, we gained insights about the design of HMIs in a 
multi-drone control room scenario. Although earlier studies showed 
that multiple modalities lead to better user performance [15, 20], 
they have not explicitly included user groups’ preferences in a user-
centered elicitation approach. Our findings suggest that drone pilots 
want to be alerted to a critical situation through multiple modalities. 
The visual and auditory modalities were the most popular in our 
study, both of which, according to our findings, should always 
occur in an alert, closely followed by the tactile modality. The most 
mentioned visual notification cues were colors, icons, frames, and 
an info text, which were to be paired with auditory signals such 
as a beep and subsequent TTS info. Based on our findings, it can 
be assumed that vibration should also be included in most cases, 
especially if the situation described is more critical. 

6.0.1 Use of Multimodal alerts. Our analysis revealed the consis-
tent use of multiple modalities across critical scenarios. Operators 
consistently created multimodal alert designs. Visual and auditory 
elements were included in all designs, with tactile feedback incorpo-
rated in most cases. This preference for combining multiple modal-
ities aligns with findings from autonomous vehicle research, where 
different modalities have been shown to work in complementary 
ways [26, 48]. Thus, the results imply that it is recommendable to 
combine multiple modalities, particularly visual and auditory alerts. 
The additional integration of tactile feedback is also recommended, 
especially in situations with higher criticality. 

6.0.2 Adapt Alerts to Criticality. All participants indicated a need 
for alerts that adapt to the criticality of the situation. This was 
reflected in their designs through progressive intensification across 
modalities: increasing audio frequency or volume, more intense 
vibration patterns, and color progression from green to orange 
to red. For auditory alerts, this finding aligns with research on 
automotive alert interfaces, where signal characteristics can convey 
different levels of urgency. The perceived urgency increases with 
faster pulse rates [13, 39] and higher frequencies [14], while it 
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decreases with slower pulse rates and lower frequencies. This result 
indicates that it is advisable to adjust the intensity of the alert to 
the criticality of the situation. 

6.0.3 Structure Alerts from Immediate Signals to Detailed Informa-
tion. Within each modality, the operators structured alerts hier-
archically to convey different levels of information. In the visual 
domain, most of the user designs combined immediate signaling 
elements (colors, frames) with more detailed information layers. 
For example, designs commonly progressed from color indicators 
to specific icons and supplementary text. This layering was par-
ticularly evident in the critical battery scenario, where operators 
sequenced red warning colors with battery icons and numerical in-
dicators. The audio designs followed a similar hierarchical pattern, 
with the majority of the participants using alert tones for immedi-
ate attention followed by voice messages for detailed information. 
These findings suggest that it makes sense to use immediate cues, 
such as beeps, colors, and frames to capture the user’s attention, 
followed by more detailed information, such as TTS, or textual 
information. 

6.0.4 Incorporate Standardized Alerts. Additionally, two operators 
suggested incorporating standardized alerts for specific critical sce-
narios, similar to aviation protocols, where consistent multimodal 
patterns would signal specific conditions such as low battery or 
high winds. This recommendation aligns with historical lessons 
from aviation, where due to the proliferation of alerts and the lack 
of standardization, airline pilots began to view alerting systems as 
a nuisance rather than a help [4]. It is therefore advisable to use 
consistent multimodal patterns for specific situations to enable fast 
recognition and reaction of the user. 

6.1 Limitations and Future Work 
Due to specific participant requirements—including drone oper-
ation experience, German language proficiency, and the need to 
conduct a controlled study in person—our elicitation study had a 
limited sample size. While similar sample sizes have been used in 
some drone HCI studies (e.g. [7, 18]), our relatively small sample 
remains a constraint. The limited availability of drone operators 
made recruitment challenging; however, the consistency in their 
design preferences suggests valuable insights despite the sample 
size. In addition, in the lab study, participants were asked to imag-
ine monitoring drones and interact with paper prototypes. This 
might lack the dynamic of a real control room environment. In the 
future, we plan to conduct user studies using a drone simulator to 
present critical scenarios with the preferred modalities identified in 
our current study, and assess reaction time, situational awareness, 
cognitive load, and other measures. 

7 Conclusion 
Our results provide useful insights into user preferences for notifi-
cation modalities when monitoring autonomous drones. Designing 
interfaces that effectively support operators by enhancing their 
situational awareness while minimizing cognitive load remains a 
pressing challenge. Our findings support the potential of a multi-
modal alert system that incorporates visual, auditory, and tactile 
cues. By integrating drone pilot input into both the identification 

of critical situations during a drone flight and the design of alerts, 
we bridge the gap between real-world drone operations and user-
centered interface design. 

Safe and Responsible Innovation Statement 
This research promotes safe and responsible human-drone interac-
tion by focusing on user-centered design of multimodal alerts in 
drone operations. The alert design is essential to increase situational 
awareness among users and thus ensure safe control of the drone 
and minimize the risk of accidents. We acknowledge that improved 
alerting systems in multi-drone control interfaces could be misused 
for military purposes. Our design process centered non-combative 
use cases such as search and rescue and we strongly oppose the use 
of this research for combative applications. We encourage future 
adopters to critically examine the context of use and ensure that it 
is consistent with humanitarian, non-military values. The data of 
the two user studies were processed anonymously and both studies 
were approved by our institution’s Ethical Review Board. 
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