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Abstract: Automatic speech recognition and understanding (ASRU) for air traffic control (ATC) has
been investigated in different ATC environments and applications. The objective of this study was
to quantify the effect of ASRU support for air traffic controllers (ATCos) radar label maintenance in
terms of safety and human performance. Therefore, an implemented ASRU system was validated
within a human-in-the-loop environment by ATCos in different traffic-density scenarios. In the
baseline condition, ATCos performed radar label maintenance by entering verbally instructed ATC
commands with a mouse and keyboard. In the proposed solution, ATCos were supported by ASRU,
which achieved a command recognition rate of 92.5% with a command error rate of 2.4%. ASRU
support reduced the number of wrong or missing inputs from ATCos into the radar label by a factor
of two, which contemporaneously improved their situational awareness. Furthermore, ATCos where
able to perform more successful secondary tasks when using ASRU support, indicating a greater
capacity to handle unexpected events. The results from NASA TLX showed that the perceived
workload decreased with a statistical significance of 4.3% across all scenarios. In conclusion, this
study provides evidence that using ASRU for radar label maintenance can significantly reduce
workload and improve flight safety.

Keywords: automatic speech recognition; automatic speech understanding; air traffic management;
air traffic controller; radar label; human factors; assistant system; human-in-the-loop simulation

1. Introduction on Speech Recognition and Understanding

Speech recognition technology has made significant progress since its inception in
the 1950s, with advancements in machine learning and artificial intelligence leading to
increasingly sophisticated systems. Today, speech recognition technology has become
an integral part of everyday life, with applications ranging from virtual assistants such as
Siri and Alexa to transcription services for the hard of hearing and support functions for
air traffic controllers (ATCos). However, recognizing word sequences is not the final step
in creating good assistance functionality. It is crucial to understand the meaning behind
word sequences. By incorporating the extracted meaning of recognized word sequences
into assistance functionalities, one can measure the benefit for human operators using
these support systems. The higher the technology readiness level of these support systems,
which encompass the entire chain from word recognition to meaning comprehension and
assistant system integration, the more realistic experiments can be conducted to assess the
expected impact on human factors such as usability, workload, and errors.
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1.1. Study on Speech Recognition and Understanding in a Broad Air Traffic Control Context

In Section 1.1.1, the concept of automatic speech recognition and understanding
(ASRU) will be explained. Thereafter, the main research fields will be addressed and
ASRU will be placed within the context of the air traffic management (ATM) domain. This
section will conclude with a summary on the findings of human factors in the air traffic
control context.

1.1.1. What Is Automatic Speech Recognition and Understanding in Air Traffic Control?

The concept behind automatic speech recognition and understanding in air traffic
control will be outlined in the following example: An ATCo utters the following in radiotele-
phony communication with a flight crew: “air serbia seven echo lima descend four thousand
feet, QNH one zero one one” with a hesitation after the QNH. The definition of common
rules for transcribing such utterances may seem straightforward, but it is necessary to
facilitate data exchange and minimize potential information-lossy conversion methods. In
the above transcription, there might be a few cases where different notations regarding
word combinations, upper case letters, and verbal hesitations are reasonable, such as:

• “air serbia” versus “airserbia”
• “~q~n~h” versus “q n h“ versus. “QNH“ for spelled letters
• “[hes]” for hesitations and thinking louds versus. “_aeh_”, “hmm”, “umm”

The HAAWAII project introduced transcription rules to normalize ATC communica-
tions [1].

The interpretation of the example transcription meaning could then be extracted
as: “ASL7EL DESCEND 4000 ft, ASL7EL INFORMATION QNH 1011”. Furthermore,
discussions regarding the rules for annotating utterances can help to maximize the use of
automatic extraction algorithms, as can be understood from alternative suggestions on how
the above ATCo utterance can be annotated:

• ASL7EL descend 4000, qnh 1011
• ASL 7EL DESCEND 4000 feet, QNH 1011
• Asl7el desc 4000, Asl7el qnh 1011

The annotation rules, i.e., an ontology, for the above example in quotation marks, were
first defined and agreed upon by the major European ATM stakeholders [2].

While the above transcription and annotation rules may appear straightforward,
the challenge arises when dealing with greater variation in the utterances and especially
deviations of ATC communications from the International Civil Aviation Organization
(ICAO) phraseology [3]. Hence, the transcription of a potential pilot readback “serbia echo
lima going down four thousand on the QNH one zero double one” should result in the
same annotation as shown above for the ATCo utterance—with speaker “pilot” instead of
“ATCo” and reason “readback”—in order to perform simple readback error checks. The
complexity increases when numbers and terms are omitted or callsigns are abbreviated
without adhering to defined abbreviation rules. Thus, ASRU in ATC is understood as the
chain from receiving an audio signal via speech-to-text to extracting text-to-concepts in
a defined format. These formats do not consider the storage method for communications
inside software modules, i.e., using a structured data exchange format such as JavaScript
Object Notation (JSON), and incorporating the information from different interpretation
layers and recognition hypotheses.

1.1.2. What Are the Main Research Fields for Application of ASRU in ATM Domain?

The main research fields for applying ASRU in the ATM domain have varied over
the last decades. Early applications focused on support in ATC training and reducing
the workload of pseudo-pilots in simulations [4]. Subsequently, there was a shift towards
offline analyses that assessed workload [5]. In this research, command types were extracted
and counted over specific time periods [6].
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In recent years, research has concentrated on quantifying the impacts of ASRU sup-
port on human performance and safety. Additionally, studies have analyzed the effects
of support systems for radar label and flight strip maintenance on ATCo workload [7],
resulting in changes in flight efficiency [8]. ATCos have historically used paper flight
strips to manage their aircraft and corresponding clearances. These flight strips usually
contained static information about the aircraft such as callsign, wake vortex categories,
and designated route, as well as the aircraft’s dynamic clearances such as altitude, speed,
and course. Currently, electronic flight strips or interactive on-screen aircraft labels are
used. However, these systems still require manual input from ATCos to update clear-
ances. Although ATCos are used to communicate and input clearances simultaneously, the
manual input requires additional workload from ATCos. Conversely, ASRU systems can
be employed for automatic radar label input to remedy this effect. ATCos only need to
verify the automatic input and make corrections in rare cases. This can offset the workload
increase while allowing mental capacity to be directed to other tasks.

In addition, the advancement of automatic readback error detection in ATC
communication—one of the most complex tasks of ASRU in ATC—is progressing. However,
despite efforts to group communication threads and compare command content based on
real-life operational data, the progress remains limited [9]. Throughout these developments,
the need for metrics to measure the ASRU performance arose. Different metrics, such as
recognition rates and error rates for complete commands and callsigns, have emerged,
which are related to precision and recall [10].

In general, the benefit of more recent applications is the greater amount of usable data
and the utilization of machine learning techniques [11]. However, ASRU is still not yet in
operational use in ATC.

1.1.3. Human Factors in an Air Traffic Control Context

The effect of ASRU support, with command error rates below 2%, on ATCo workload
has already been validated in the project AcListant®–Strips (Active Listening Assistant)
project [12]. To validate the effects of ASRU support on ATCo workload, it is important
to understand the different dimensions of workload. In this context, the mental workload
of ATCos is connected to the task performed and related requirements, as detailed in [13].
The time for maintaining radar labels with similar user interfaces with and without ASRU
support was measured using the Dusseldorf approach on a single runway as early as
2015 [8]. The time for clicking and maintaining the radar labels was reduced by a factor of
three for the eight German and Austrian ATCos when they were supported by ASRU. This
resulted in a better use of their mental capacity, leading to more efficient aircraft trajectories
and a reduction of 60 L of fuel consumption per aircraft [8]. Furthermore, the project
“Digital Tower Technologies—HMI Interaction modes for Airport Tower” investigated
the impact of ASRU support for electronic flight strip maintenance. The ten Lithuanian
and Austrian ATCos experienced a reduction of workload based on a secondary task
measurement when ASRU [7] achieved command recognition rates of 90% and callsign
recognition rates of 94%.

1.2. Research Question

Based on above-mentioned conditions, the main research question of this paper can
be summarized as follows: “how can we quantify the effect of ASRU support for ATCos in
radar label maintenance in terms of safety and ATCos’ workload?”

To answer this main question, the following research questions are discussed in
this paper:

• How accurately does ASRU extract commands that influence radar label entries?
• How many incorrect or missing radar label entries exist with and without ASRU support?

In addition to the previous derived questions, we also considered whether the ATCos
corrected missing or wrong ASRU outputs.
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Both questions were addressed using objective measurements, such as command
recognition error rates.

• What are the consequences of over-trust or under-trust in the ASRU system?

This question is addressed through subjective data based on post-run and post-
validation questionnaires, as well as objective data recorded during the simulation runs.

• How can we compensate for sequence effects induced by multiple runs under similar
conditions?

The presented statistical approach allows us to obtain results with higher statistical
significance without increasing the number of participants involved.

1.3. Structure of the Paper

In Section 2, the human-in-the-loop validation trials for radar label maintenance are
described, including the study parameters, simulation framework, and the methods and
techniques used. Additionally, the ASRU architecture is explained. Section 3 begins by
presenting the subjective and objective measurements for workload, safety, and situational
awareness. It then discusses the applied method to compensate for sequence effects within
the objective results, considering both the ATCos’ performance and ASRU performance.
This is followed by the presentation of the results and discussion in Section 4. Finally,
Section 5 draws a conclusion based on the results.

2. Validation Trials and Methods

The aim of the validation trials was to provide a final assessment of the ASRU by
quantifying its benefits on the ATCos’ performance, perceived workload, and flight safety.
The difference between the baseline runs and the solution runs was the absence or presence
of ASRU support for radar label maintenance in approach control. The ATC approach
position was chosen as it is a highly dynamic area and is usually crowded with aircrafts at
hub airports such as Vienna. The aircrafts that the ATCos needed to handle in the approach
sector had already been handed over from en-route sectors and required guidance towards
their final destination for a transfer of control to the tower. Therefore, it was expected
that using ASRU for radar label maintenance would have an impact. In the following the
general setup for the validation trials, the simulation scenarios, and the collection of results
are discussed.

2.1. Infrastructure and Exercises

The ASRU validation trials were performed using the Air Traffic Management and
Operation Simulator (ATMOS) at DLR’s Air Traffic Validation Center. The ATMOS pro-
vided a human-in-the-loop simulation environment [14,15], which EUROCONTROL rec-
ognizes as a suitable validation method [16] for systems in the pre-industrial development
phase [17]. Furthermore, the ATMOS has been previously used in several validation cam-
paigns including mental workload analysis for air traffic controllers [18], analysis of air
traffic management security [19], and assessing the impact of spaceflights on air traffic
management [20]. The NARSIM software (version 8.3) [21] was deployed as a generic real-
time software. Aircraft performance was modeled using the Base of Aircraft Data (BADA)
model, version 3.15, from EUROCONTROL [22]. Two controller working positions (CWP)
and six simulation-pilot working positions (SWP) were configured. During a simulation
run, only one CWP and a maximum five SWP were used, depending on the traffic load. The
second CWP and SWPs served as backups to provide redundancy in case of system failure.
Furthermore, during an active simulation run, the unused CWP was already prepared for
the next simulation run, which saved time and reduced procedural errors.

The ATCos’ verbal utterances served as the voice input signal for the ASRU system,
specifically the speech recognition engine, which was the first part of the chain. The
communication between the ATCo and simulation-pilot was carried out according to the
defined phraseology by ICAO [23]. Figure 1 shows the CWP setup, which included the
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main radar screen, a voice-over-IP (VoIP) headset, an ASRU log, and a secondary screen.
These components will be explained in detail later on.

Aerospace 2023, 10, x FOR PEER REVIEW 5 of 33 
 

 

During a simulation run, only one CWP and a maximum five SWP were used, depending 
on the traffic load. The second CWP and SWPs served as backups to provide redundancy 
in case of system failure. Furthermore, during an active simulation run, the unused CWP 
was already prepared for the next simulation run, which saved time and reduced 
procedural errors. 

The ATCos’ verbal utterances served as the voice input signal for the ASRU system, 
specifically the speech recognition engine, which was the first part of the chain. The 
communication between the ATCo and simulation-pilot was carried out according to the 
defined phraseology by ICAO [23]. Figure 1 shows the CWP setup, which included the 
main radar screen, a voice-over-IP (VoIP) headset, an ASRU log, and a secondary screen. 
These components will be explained in detail later on. 

 
Figure 1. CWP setup including headset for radio telephony, radar screen, ASRU log, and secondary 
screen. 

Simulation-pilots were responsible for steer their aircrafts and implementing aircraft 
clearances received from Approach ATCos. A DLR-developed human–machine interface 
(HMI) was used for the SWP. The HMI included a radar screen and a flight strip section. 
The flight strip section displayed aircraft performance data (such as velocity, flight level, 
and route) and contained a command line to enter clearances. CWP and SWPs, located in 
different rooms, were connected via VoIP. 

The validation trials were structured in three iterative campaigns. The first two 
campaigns for preparing the main trials took place in autumn 2021 and spring 2022. The 
main campaign was carried out from September 14th until November 3rd, 2022. In total, 
twelve ATCos from the Austrian air navigation service provider (ANSP) Austro Control 
participated in the main campaign, consisting of eleven male ATCos and one female 
ATCo. The age of participants ranged from 25 to 44 years, with a mean age of 32 years and 
a standard deviation (SD) of SD = 7.3. Their work experience ranged from one to 20 years, 
with a mean work experience of eight years (SD = 6.8). During the preparation campaigns 
(autumn 2021, spring 2022) the ATCos wore face masks in accordance with COVID-19 
pandemic rules. During the main campaign, no face masks were required for ATCos. 
Wearing face masks had no significant effect on ASRU performance. 

2.2. Simulation Components 
The simulation was implemented for the Vienna airport (LOWW) terminal 

maneuvering area (TMA), as shown in the approach chart of Vienna in Figure 2. Figure 3 
shows the main radar screen for ATCos with LOWW airspace. The ATCos’ area of 
responsibility encompassed a combined pickup/feeder sector in Europe (feeder/final in 
the U.S.). LOWW consists of two dependent runways. During the simulation, runway 34 

Figure 1. CWP setup including headset for radio telephony, radar screen, ASRU log, and secondary
screen.

Simulation-pilots were responsible for steer their aircrafts and implementing aircraft
clearances received from Approach ATCos. A DLR-developed human–machine interface
(HMI) was used for the SWP. The HMI included a radar screen and a flight strip section.
The flight strip section displayed aircraft performance data (such as velocity, flight level,
and route) and contained a command line to enter clearances. CWP and SWPs, located in
different rooms, were connected via VoIP.

The validation trials were structured in three iterative campaigns. The first two campaigns
for preparing the main trials took place in autumn 2021 and spring 2022. The main cam-
paign was carried out from 14 September until 3 November 2022. In total, twelve ATCos
from the Austrian air navigation service provider (ANSP) Austro Control participated
in the main campaign, consisting of eleven male ATCos and one female ATCo. The age
of participants ranged from 25 to 44 years, with a mean age of 32 years and a standard
deviation (SD) of SD = 7.3. Their work experience ranged from one to 20 years, with a mean
work experience of eight years (SD = 6.8). During the preparation campaigns (autumn
2021, spring 2022) the ATCos wore face masks in accordance with COVID-19 pandemic
rules. During the main campaign, no face masks were required for ATCos. Wearing face
masks had no significant effect on ASRU performance.

2.2. Simulation Components

The simulation was implemented for the Vienna airport (LOWW) terminal maneu-
vering area (TMA), as shown in the approach chart of Vienna in Figure 2. Figure 3 shows
the main radar screen for ATCos with LOWW airspace. The ATCos’ area of responsibility
encompassed a combined pickup/feeder sector in Europe (feeder/final in the U.S.). LOWW
consists of two dependent runways. During the simulation, runway 34 (RWY34) with
a length of 3600 m was utilized. The ATCo was in charge of guiding the arrival streams
to RWY34. No departures, overflights, or other types of traffic, such as visual flight rule
traffic, were integrated into the simulation runs. There were no limitations regarding the
aircraft type or simulated weather restrictions. Furthermore, no emergency situations or
non-nominal situations such as bird strikes or runway closures were analyzed.



Aerospace 2023, 10, 538 6 of 32

Aerospace 2023, 10, x FOR PEER REVIEW 6 of 33 
 

 

(RWY34) with a length of 3600 m was utilized. The ATCo was in charge of guiding the 
arrival streams to RWY34. No departures, overflights, or other types of traffic, such as 
visual flight rule traffic, were integrated into the simulation runs. There were no 
limitations regarding the aircraft type or simulated weather restrictions. Furthermore, no 
emergency situations or non-nominal situations such as bird strikes or runway closures 
were analyzed. 

 
Figure 2. Approach chart Vienna (LOWW) TMA adapted from aeronautical information 
publication (AIP) [24] with adding the four metering fixes BALAD, NERDU, PESAT, MABOD and 
the names WW* of selected waypoints. 

Figure 2. Approach chart Vienna (LOWW) TMA adapted from aeronautical information publication
(AIP) [24] with adding the four metering fixes BALAD, NERDU, PESAT, MABOD and the names
WW* of selected waypoints.

Aerospace 2023, 10, x FOR PEER REVIEW 7 of 33 
 

 

 
Figure 3. Main radar screen with LOWW airspace: waypoints (grey), start of transitions (NERDU, 
MABOD, BALAD, PESAT), as well as aircraft symbols and labels (green). This is a screen shot, how 
the screen is shown to the ATCo with the exception that we added the four metering fixes NERDU, 
MABOD, BALAD and PESAT. Overlapping of information often happens and the ATCo knows how 
to deal with these challenges.  

A within-subject design [25,26] with the two factors “traffic flow” and “use of ASRU” 
was used to examine the dependent variables including mental workload, safety, 
situational awareness, time for maintaining radar label cells, and number of remaining 
incorrect inputs. Although the present experiment was conducted with a limited number 
of participants in the specific airspace of Vienna using a prototypic non-operation user 
interface, the results yielded statistical significance and were consistent with the findings 
from the AcListant®–Strips project conducted using the Dusseldorf approach [8,12].   

Two different simulation scenarios were developed: a medium-density traffic 
scenario (M) with 30 arrivals per hour and a high-density traffic scenario (H) with 42 
arrivals per hour. Additionally, a training traffic scenario (T) with 20 arrivals per hour was 
used as introductory exercise. These scenarios were developed based on recorded 
operational data from LOWW. For that reason, traffic flow corresponded to typical 
numbers and types at LOWW. All simulation scenarios (M, H) lasted for 35 min. At the 
beginning of the simulation scenarios, the aircrafts were already located inside the TMA 
under the responsibility of the ATCo. The other aircrafts were initiated outside the TMA 
and followed standard arrival routes (STAR)s towards the area navigation (RNAV) routes, 
as depicted in Figures 2 and 3. Before entering the TMA, simulation-pilots set the standard 
initial call according to the currently applied radio telephony procedures. 

Each validation day consisted of five simulation sections per ATCo. These sections 
were distinguished by the following design factors: traffic flow (T, M, H) and use of ASRU. 
Simulation sections without ASRU support for the ATCos were referred as baseline runs. 
These runs represented the typical manual mouse-only input approach for radar label 
maintenance in the ATCo HMI. Simulation sections with ASRU support were labelled as 
solution runs. During the solution runs, ATCos were able to use the ASRU inputs and 
manual mouse input for potential corrections. Regarding the traffic flow, each ATCo 
started with a training run to familiarize themselves with the setup and input modalities. 
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MABOD, BALAD, PESAT), as well as aircraft symbols and labels (green). This is a screen shot, how
the screen is shown to the ATCo with the exception that we added the four metering fixes NERDU,
MABOD, BALAD and PESAT. Overlapping of information often happens and the ATCo knows how
to deal with these challenges.
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A within-subject design [25,26] with the two factors “traffic flow” and “use of ASRU”
was used to examine the dependent variables including mental workload, safety, situational
awareness, time for maintaining radar label cells, and number of remaining incorrect inputs.
Although the present experiment was conducted with a limited number of participants in
the specific airspace of Vienna using a prototypic non-operation user interface, the results
yielded statistical significance and were consistent with the findings from the AcListant®–
Strips project conducted using the Dusseldorf approach [8,12].

Two different simulation scenarios were developed: a medium-density traffic scenario
(M) with 30 arrivals per hour and a high-density traffic scenario (H) with 42 arrivals
per hour. Additionally, a training traffic scenario (T) with 20 arrivals per hour was used
as introductory exercise. These scenarios were developed based on recorded operational
data from LOWW. For that reason, traffic flow corresponded to typical numbers and
types at LOWW. All simulation scenarios (M, H) lasted for 35 min. At the beginning of
the simulation scenarios, the aircrafts were already located inside the TMA under the
responsibility of the ATCo. The other aircrafts were initiated outside the TMA and followed
standard arrival routes (STAR)s towards the area navigation (RNAV) routes, as depicted
in Figures 2 and 3. Before entering the TMA, simulation-pilots set the standard initial call
according to the currently applied radio telephony procedures.

Each validation day consisted of five simulation sections per ATCo. These sections
were distinguished by the following design factors: traffic flow (T, M, H) and use of ASRU.
Simulation sections without ASRU support for the ATCos were referred as baseline runs.
These runs represented the typical manual mouse-only input approach for radar label
maintenance in the ATCo HMI. Simulation sections with ASRU support were labelled as
solution runs. During the solution runs, ATCos were able to use the ASRU inputs and
manual mouse input for potential corrections. Regarding the traffic flow, each ATCo started
with a training run to familiarize themselves with the setup and input modalities. The
support of ASRU was activated and deactivated during the training run. Afterwards, the
ATCos started with an M run followed by an H run. Then, another M run was followed by
the final H run. As for second decisive variable, seven ATCos started with a solution run.
Among them, five of the ATCos had no ASRU support during the first simulation run. The
indention was for a 50% distribution between starting with and without ASRU support.
However, due to problems with the surveillance data, one runs was cancelled and needed
to be repeated at the end. If an ATCo began with a solution run, she/he also ended with
a solution run, with two baseline runs in between. The same procedure was applied in
reverse if starting and ending with a baseline run.

Two ATCos were available on each of the six validation days. They started at 08:30 a.m.
and finished the validation day at approximately 04:30 p.m. Following the previously
described procedure, while one ATCo executed a simulation run, the other ATCo filled
in questionnaires and rested. As a result, the ATCos did not work in parallel. All the
questionnaires used in the study are described in Section 3.1. By alternating the order of
simulation runs for approximately half of the ATCos, it was expected that any sequence
effects or effects of exhaustion would be averaged out. While this approach helped to some
degree, it still had undesired negative effects on the statistical significance of the results. In
Section 3.3 a technique to compensate for these sequence effects will be presented.

2.3. HMI for Radar Label Maintenance

The ATCos were provided with three different screens, as shown in Figure 1. Figure 4a–d
shows the aircraft labels in detail. Figure 4a displays the reduced data block with the
following structure: the first row contained the callsign, the second row included flight
level, cleared flight level, ground speed, and cleared ground speed, while the third row
showed heading, waypoint, and RNAV route. In Figure 4b, the aircraft label is shown as
a full data block in which the fourth label line was visibly activated through a mouse-over
hovering function. The fourth label line additionally provided the present heading, remarks,
and rate of climb/descent. The nine cells framed in white (highlighted for visualization
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purposes in the paper) could be interactively selected via a mouse click. Figure 4c shows
the full data block with recognized clearances from ASRU displayed in purple. It also offers
two checkmarks in the first label line. If an interactive cell was clicked, a correspondent
drop-down menu appeared for value selection (see Figure 4d).
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If ATCos were provided with ASRU support in solution runs, the content of their
verbal utterances was automatically extracted and transformed into relevant ASRU output
values. These recognized values appeared in purple, as shown in the label cells of Figure 4c.
Additionally, a yellow Reject and green Accept checkmark appeared in the top line of the
label. Thus, ATCos could confirm all of the proposed values or reject them by clicking on
the buttons. The accepted values turned the light green, matching the color of the rest of
the aircraft clearances. In rare cases of misrecognitions, the ATCos needed to correct values
manually via drop-down menus. If the ATCo did not interact with the label, the recognized
values were automatically accepted after ten seconds. This time parameter was determined
based on [8,27].

2.4. Additional Components

Figure 5 shows the SpeechLog provided at the CWP, as shown on the left side of
Figure 1. The SpeechLog was not essential for the ATCos to operate the setup. Instead, it
served as a showcase and was not considered part of the experimental setup. Nevertheless,
the SpeechLog displayed an overview of the recognized ATCo utterances (word level tran-
scriptions) and meanings (annotations with ATC concepts following the defined ontology).
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Finally, Figure 6 shows the SWP HMI of the simulation pilots. It provided flight strips
for all aircraft within the airspace, displayed as purple strips, indicating upcoming aircrafts
(left side) or those already in progress (middle). It also included a radar screen for an
overview of the traffic situation (right side). Additionally, the simulation-pilots saw the
ASRU word level output for comparison with or support of the self-recognized utterances.
The ASRU word level output was provided in the lower left part.
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2.5. Automatic Speech Recognition and Understanding

The validation software implemented the ASRU system as defined by the HAAWAII
project (Highly Automated Air traffic controller Workstations with Artificial Intelligence
Integration) [28]. The ASRU core mainly relied on four modules, as shown in Figure 7. The
modules have already been described in detail in [29]. Here, we provide a brief summary
of their functionality. In addition to the information provided in [29], we quantified the
effect of the main modules to the final performance in Section 4.1 of the results.
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Voice Activity Detection (VAD): The VAD process is relatively straightforward, as
the push-to-talk (PTT) signal is readily available. It did not have a significant impact on the
performance.

Speech-to-text (S2T): Whenever the VAD detects a transmission, the signal is for-
warded to S2T, and the recognition process starts in real time. S2T delivers with a minimum
latency when an ATCo starts speaking and updates the recognized words continuously
until the end of the transmission when the PTT button is released.

Concept Recognition: Each time a recognized word sequence is forwarded, it is
analyzed by the Concept Recognition module. The analysis result is then transformed into
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relevant ATC concepts as defined by SESAR project PJ.16-04 CWP HMI [2] and extended
by the HAAWAII project [30], as shown in Figure 8.
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A command at the semantic level consists of a type, values, unit, qualifier, etc., as
shown in Figure 8. All these parts must be correctly extracted at the semantic level to be
counted as a correct recognition. Otherwise, it is counted as an error or a rejection.

Callsign Prediction: This module considers surveillance data to determine if any
recognized callsign could reasonably be part of an ATCo utterance. The output is used by
S2T and Concept Recognition to enhance the recognition quality for both modules. Further
details on callsign prediction and callsign extraction can be found in [31]. This model
is highly critical, as indicated by the results in Section 4.1.3. It considers the callsigns of
aircrafts that are currently in the relevant airspace.

3. Methods and Techniques
3.1. Subjective ATCo Feedback Techniques

This section describes the methods and experiments used to obtain subjective feedback
from the participating ATCos during the validation trials. The subjective rating measures
encompassed various aspects of mental workload, situation awareness, usability, and accep-
tance. An instantaneous self-assessment of workload (ISA) measurement was integrated
into the radar screen of the CWP and had to be answered during the simulation runs. The
answers on several questionnaires were captured after each simulation run. The set of
questionnaires included the NASA-TLX (National Aeronautics and Space Administration
Task Load Index) [32], Bedford Workload Scale [33], SUS (System Usability Scale) [34],
CARS (Controller Acceptance Rating Scale) [35], and the three SHAPE questionnaires
(Solutions for Human Automation Partnerships in European ATM) [36]—SASHA (Situ-
ation Awareness for SHAPE) ATCo, SATI (SHAPE Automation Trust Index), and AIM
(Assessing the Impact on Mental Workload). All methods and experiments are explained
in the following sections.

3.1.1. NASA Task Load Index (NASA TLX)

The NASA TLX was used to assess different dimensions of the workload [32]. The
questionnaire includes subscales of mental demand, physical demand, temporal demand,
performance, effort, and frustration. In total, the questionnaire consisted of six questions
with ten answer possibilities from (1) Low to (10) High. The adapted questions can be
found in Appendix A.1.

The unweighted NASA TLX was used instead of the weighted version, as previous
ATC projects showed no further benefit from weighting parameters and it often caused
confusion of the ATCos.

The ISA measures were used to obtain the ATCos’ perceived mental workload within
a defined time period [37]. Each ATCo was prompted to rate their perceived mental
workload during the simulation run every five minutes for the last five minutes [38,39].
Therefore, after five minutes of simulation time, the ATCos heard a sound signal on their
headset as a five-point Likert scale [40] appeared on the lower part of the radar screen. They
were able to rate their perceived mental workload on a scale of one [underutilized] to five
[excessively busy]. The ISA data were used afterwards to examine the mental workload. It
is worth noting that in previous projects and the current study, ATCos usually did not rate
their workload as a five, even during extremely busy traffic hours. Thus, there is a need for
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a more objective measure. Therefore, a secondary task was implemented, as described in
Section 3.2.

3.1.2. Bedford Workload Scale

The Bedford Workload Scale consists of two questions that inquire about the average
workload and the peak workload, with ten possible answers ranging from (1) “Workload
insignificant” to (10) “Task Unsustainable due to Workload”, as shown in Figure 9. Additionally,
the applied Bedford Workload Scale questionnaire had the following final open-ended
question: “Which factors/events/conditions have contributed to potentially high workload?”.
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3.1.3. System Usability Scale (SUS)

The System Usability Scale, initially proposed by John Brooke [34], was used to assess
the general usability with and without the ASRU support. This questionnaire consists of
ten statements to be rated on a five-point scale, ranging from (1) “fully disagree” to (5) “fully
agree”. The adapted questions can be found in Appendix A.2.

3.1.4. Controller Acceptance Rating Scale (CARS)

The CARS questionnaire, developed by NASA Ames [35], measures the operational
acceptability and serves as an indicator for the satisfaction of human-system performance.
CARS consist of a single question: “Please read the descriptors and score your overall level of
user acceptance experienced during the run. Please check the appropriate number between 1 and
10”. The different answer options were color-coded with red, orange, and green, as shown
in Table 1.

3.1.5. Solutions for Human Automation Partnerships in European ATM (SHAPE)

The SHAPE questionnaire was developed to evaluate the effects of automation on
different human factors for ATCos, such as workload, situation awareness, and trust in
the system [36]. It consists of three parts, as described in the following sections. Each
question had seven answer possibilities, ranging from “never” to “always” or from “none”
to “extreme”. The questions can be found in Appendices A.3–A.5.

For quantitative analysis, the answers were mapped to numerical values between
one and seven. A numerical value of one corresponded to a good system, whereas seven
corresponded to a bad system.
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Table 1. Colored-coded answer options of the CARS questionnaire.

1. Improvement mandatory. Safe operation could not be maintained.

2. Major Deficiencies. Safety not compromised, but system is barely controllable and only with
extreme controller compensation.

3. Major Deficiencies. Safety not compromised but system is marginally controllable.
Considerable compensation is needed by the controller.

4. Major Deficiencies. System is controllable. Some compensation is needed to maintain
safe operations

5. Very Objectionable Deficiencies. Maintaining adequate performance requires extensive
controller compensation

6. Moderately Objectionable Deficiencies. Considerable controller compensation to achieve
adequate performance.

7. Minor but Annoying Deficiencies. Desired performance requires moderate controller
compensation

8. Mildly unpleasant Deficiencies. System is acceptable and minimal compensation is needed to
meet desired performance.

9. Negligible Deficiencies. System is acceptable and compensation is not a factor to achieve
desired performance.

10. Deficiencies are rare. System is acceptable and controller doesn’t have to compensate to
achieve desired performance.

Color code: Pink: Not acceptable, Yellow: Changes necessary, Green: Acceptable.

3.1.6. Situation Awareness for SHAPE (SASHA)

The SASHA questionnaire is part of the SHAPE questionnaire and addresses different
dimensions of situation awareness [36]. This questionnaire consisted of six statements with
the seven answer possibilities: “never”, “seldom”, “sometimes”, “often”, “more often”, “very
often”, and “always”. The questions are provided in Appendix A.3.

3.1.7. SHAPE Automation Trust Index (SATI)

The SATI questionnaire is also part of the SHAPE questionnaire. SATI provides
questions to measure the human trust in ATC systems [36]. This questionnaire consisted of
six statements with the seven answer possibilities: “never”, “seldom”, “sometimes”, “often”,
“more often”, “very often”, and “always”. The questions are provided in Appendix A.4.

3.1.8. Assessing the Impact on Mental Workload (AIM)

The AIM questionnaire, developed by Doris M. Dehn [36], assesses the impact of
changes in the ATM system on the mental workload of ATCos. This questionnaire consisted
of 15 questions with seven answer possibilities: “none”, “very little”, “little”, “some”, “much”,
“very much”, and “extreme”. The questions are provided in Appendix A.5.

3.2. Objective Secondary Task for Workload Assessment: “Stroop Test”

As previously addressed, a more objective task to gather the mental workload of
ATCos was needed. Therefore, a secondary task [41] based on the Stroop Test was integrated
into the touch device located on the right side at the CWP [42] (see secondary screen in
Figure 1). The central idea is that ATCos have the mental capacity to fulfil a secondary task
in addition to their primary ATC task if they are underutilized. Evaluating the results of
the secondary task indicates the amount of mental workload an ATCo experienced during
the different simulation runs.

Figure 10 displays the interface of the secondary task. The secondary task started
ten minutes after the simulation onset and provided a ten-minute execution window. The
ATCos were able to begin the tasks within this time period whenever they felt comfortable
with respect to handling the primary task, as shown in Figure 10a. After pressing the
START button, the name of a color was displayed in a different color than the name itself
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in the upper display part, as shown in Figure 10b. In a next step, the ATCos had to select
the color that was used for printing from the available options. In the example shown
in Figure 10b, the correct solution was GREEN because the word “RED” was printed in
green. After submitting their choice, the ATCo could proceed to the next task by clicking
the START button. A higher number of correct responses indicated greater mental spare
capacity and less mental workload occupied by the primary task [43].
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3.3. Compensation of Sequence Effects

As an example, Table 2 shows the answers to the question “How hard did you have to work
to accomplish your level of performance?” from the NASA TLX questionnaire completed by
the 12 ATCos. The answers ranged from one (low effort) to ten (high effort) for the medium
traffic scenario. Columns “ATCo Id” show the identifier of the participant. Columns
“Sol” and “Base” show the chosen answer value. The number “1/2” indicates whether
the participant started with a baseline or solution run (“1”) and ended with a baseline or
solution run (“2”).

Table 2. ATCos’ answers to the NASA TLX questions to determine the effort needed to accomplish
the task.

ATCo Id Sol 1 Base 2 Diff ATCo Id Base 1 Sol 2 Diff

1 7 5 2 3 8 4 −4

2 7 8 −1 5 7 4 −3

4 5 5 0 7 3 2 −1

6 3 1 2 9 7 3 −4

8 4 1 3 11 6 2 −4

10 6 3 3

12 3 3 0

Average 5.0 3.7 1.3 Average 6.2 3.0 −3.2

Average Run 1 5.50 Average Run 2 3.42

Light yellow color shows the first run of an ATCo, light green shows his/her second run.

Due to sequence effects, the results in the second run generally showed improvements
compared to the first run for the ATCos. This would have averaged out, if 50% of the
participants would have started with the baseline and 50% would have started with the
solution run, but with a high standard deviation. Therefore, we decided to filter out the
sequence effects not only on average, but for each participant. Furthermore, a run with
ATCo ID 2 failed and was repeated, resulting in seven ATCos starting the medium scenario
with solution runs and only five with baseline runs. Therefore, sequence effects do not even
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compensate on average. The following approach adapted from [8], was used to compensate
for these sequence effects:

The average values of all 12 ATCos for the first run and the second run were calculated,
as shown in the last and second-to-last rows of Table 2. The averages of the last row were
used to correct the feedback values for the question. The average value of all ATCos’
answers was 5.50 for the first run in the medium traffic scenario (the averages of all values
in column “Sol 1” and column “Base 1” are marked in light yellow). In the second run
with medium traffic, the ATCos answered with an average value of 3.42 (the averages
of columns “Base 2” and “Sol 2” are marked in light green), and the ATCos performed
2.08 units better on the scale with a maximum value of 10 units. Therefore, we corrected all
entries of Table 2 by 1.04 units. As shown in Table 3, the first runs, marked in light yellow,
were corrected by subtracting 1.04, and second runs, marked in light green, were corrected
by adding 1.04.

Table 3. ATCos’ answers to NASA TLX questions to evaluate the effort needed to accomplish the
task after compensating for sequence effects.

ATCo Id Sol 1 Base 2 Diff ATCo Id Base 1 Sol 2 Diff

1 6 6 −0.1 3 7 5 −0.9

2 6 9 −3.1 5 6 5 −0.9

4 4 6 −2.1 7 2 3 1.1

6 2 2 −0.1 9 6 4 −1.9

8 3 2 0.9 11 5 3 −1.9

10 5 4 0.9

12 2 4 −2.1

Average 4.0 4.8 −0.8 Average 5.2 4.0 −1.1

Average Run 1 4.46 Average Run 2 4.46

Light yellow color shows the first run of an ATCo, which are decremented by 1.04 compared to Table 2, light
green shows his/her second run, which are incremented by 1.04. The values are rounded.

The described sequence effect compensation technique (SECT) could result in values
below one or even negative values, which could not be provided by the ATCos. How-
ever, this is not important for the performed t-tests, as described in the following section.
Only the differences between runs with and without ASRU support for the same ATCo
are important.

The difference between runs with ASRU support and those without ASRU sup-
port was minus 0.58 (calculated as 7 × 1.3 – 5 × 3.2)/12) in Table 2. After compen-
sating for sequence effects as shown in Table 3, the average difference becomes minus
0.93 ((−7 × 0.8 − 5 × 1.1)/12)). If we had an equal number of runs starting with ASRU
support and without ASRU support, the average value would not change. This will be
the case for all heavy traffic scenarios. As demonstrated in the results section, even for
medium traffic, the differences changed only slightly with and without compensating for
sequence effects. More importantly, the standard deviation of the differences decreased in
most cases when SECT was applied. It decreased from 2.6 in Table 2 to 1.37 in Table 3. After
applying SECT, the average results of all first runs always matched the average values of
all second runs.

To conclude, the experiments involved two independent variables: (i) with or without
ASRU support and (ii) whether the ATCos received ASRU support in first runs or in the
second runs. The presented technique can compensate for sequence effects, enabling clearer
observation of the results of the ASRU support. In the presented example, the sequence
effect influenced the result by 2.08 units out of 10, whereas ASRU support had only an effect
of 0.58 units. By using the described technique, both effects can be separated, resulting in
an ASRU effect of 0.93.
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3.4. Paired T-Test to Evaluate Statiscal Significance

The differences between runs of the same ATCo in baseline and solution runs smaller
now, indicating a decrease in the standard deviation sigma. This observation was also
supported by the performed paired t-test, which was previously applied during the
AcListant®–Strips project mentioned earlier to assess workload reduction benefits [12]
and improvements in flight efficiency [8].

The null hypothesis H0 states, “ASRU support does not decrease the amount of work, how
hard the ATCo needs to work to accomplish the required level of performance”. The test value is
defined as follows:

T = (M− µ0)

√
n

SD
, (1)

The differences in how the ATCo needs to work (solution minus baseline runs) for
each run in Table 3 were calculated, for example, for ATCo ID 3 as seven minus five. The
number of differences (ATCos) is denoted as n (12 in the present case). M represents the
mean value of the questionnaire answer differences “Diff” in Table 3, which in the present
case is minus 0.93. SD refers to the standard deviation of the differences, which was 1.37
based on the values in Table 3. It is only important if the ASRU input results in lower value
answers to the questions. Therefore, µ0 was set to 0. With these values, we calculated T as
minus 2.35.

The value T follows a t-distribution with n− 1 degrees of freedom. The null hypothesis
H0 can be rejected with probability of α (also known as p-value) if the calculated value for T
is less than the value of the inverse t-distribution at position tn−1,1−α with n − 1 degrees of
freedom (in our case, −1.80 for α = 0.05). Therefore, the hypothesis H0 is rejected because
T = −2.35 < −1.80. Even the minimal α can be calculated, such that T < tn−1, 1−α still holds.
In this case, α = 3.8%. If we repeated our experiments with the 12 ATCos 1000 times, we
could expect that the H0 would not be rejected only in 38 cases. The results invalidate the
negatively formulated null hypothesis, indicating that ASRU support does decrease the amount
of work required for the ATCO to accomplish the required level of performance with a probability of
α = 3.8%.

The probabilities of rejecting the null hypotheses for the heavy traffic scenario and for
both scenarios combined were also calculated. These calculations are presented later in
Table 10 in the following results section.

The effects of SECT in distinguishing between the effects of ASRU support and se-
quence effects are evident. Without SECT, the α value was 45.3%, compared to 3.8% after
applying SECT. Without SECT, there was the need for strongly different ratings from ATCos
to achieve statistical significance, even if the results were significant with only slightly
different ratings. Further details are provided in [29].

4. Results and Discussion

In this section, the performance of ASRU is first presented. Secondly, the subjective
feedback from questionnaires is explained and discussed. Finally, the section concludes
with the objective results from performance measurements.

4.1. Results of Speech Recognition and Understanding Performance
4.1.1. Performance at the Word Level

Table 4 shows the performance on a word level, which is based on the word error
rate (WER), which represents the percentage of words that were not correctly recognized.
The WER is calculated using the Levenshtein distance [44]. The table also includes the
number of uttered words, as well as the number of substitutions (Subst), deletions (Del),
and insertions (Ins), which indicate the differences between the recognized words and the
actual uttered words. The best performance, i.e., lowest WER, for a single ATCo on all
his/her four runs was 0.7%, while the worst performance was 8.2%.
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Table 4. Performance at the word level quantified as the word error rate (WER).

# Words Levenshtein
Distance # Subst # Del # Ins WER

Total 118,816 3712 1853 1324 535 3.12%

Heavy 64,441 2148 1066 729 353 3.33%

Medium 54,375 1564 787 595 182 2.88%

Solution 59,180 1805 881 686 238 3.05%

Baseline 59,636 1907 972 638 297 3.20%
# means “Number of”.

It should be highlighted that there was a difference between the solution and baseline
runs, with the ATCos speaking more clearly when supported by ASRU. In the baseline
runs, the ATCos did not benefit from ASRU. Nevertheless, we recorded and evaluated
their performance. It was also interesting to observe that the performance decreased as the
number of aircrafts increased, although it did not result in a break-down of performance.

Table 5 shows the “top words” that were most often misrecognized, sorted by the
number of absolute occurrences. The word “two” was recognized 32 times as a different
word. It was recognized as another word (“substituted to”) 261 times and inserted 91 times,
i.e., it was recognized, but no word was actually spoken. A total of 71 times, it was said,
but no word was recognized at all. The sum of these four errors was 455. The word
“two” was actually spoken 8841 times, and the number of recognitions, correct and wrong,
was 9090 times. The word “two” was involved in incorrect word recognition in 5% of the
instances compared to the times it was actually spoken. The word “to” was very often
involved in these problems, more than one-third of the instances. The table also shows that
many important ATC-related words were often involved in recognition problems.

Table 5. Top 10 words with challenges on word level ordered by total recognitions.

Word Subst by Subst to Ins Del Sum Said Recogn %

two 32 261 91 71 455 8841 9090 5%

one 32 130 33 44 239 8128 8215 3%

zero 20 101 8 24 153 7576 7641 2%

four 209 104 9 54 376 5804 5654 6%

three 10 73 9 25 117 5624 5671 2%

eight 99 78 37 200 414 5422 5238 8%

austrian 134 3 5 25 167 4979 4828 3%

five 77 74 10 9 170 3745 3743 5%

ILS 70 0 0 41 111 1988 1877 6%

air 24 5 23 48 100 1309 1265 8%

4.1.2. Performance at the Semantic Level

Table 6 summarizes the performance of the Concept Recognition module on the
semantic level. The table distinguishes between the medium and heavy traffic scenarios,
as well as between the baseline and solution runs. We did not compensate for sequence
effects in this analysis, as statistical significance is not provided.

The columns “Cmd-Recog-Rate” and “Cmd-Error-Rate” show the percentage of correctly
and incorrectly recognized commands, respectively. The difference between the sum of
these two columns and 100% corresponds to the percentage of rejected commands. The
last two columns show the same metrics for the callsign only. Details regarding the metrics
used can be found in [10].
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Table 6. Performance at the semantic level for different traffic complexities and for baseline and
solution runs.

Cmd-Recog-Rate Cmd-Error-Rate Csgn-Recog-Rate Csgn-Error-Rate

All Scenarios 92.1% 2.8% 97.8% 0.6%

Medium 92.7% 2.7% 97.9% 0.5%

Heavy 91.7% 2.9% 97.8% 0.6%

Baseline 91.8% 2.8% 97.5% 0.6%

Solution 92.4% 2.8% 98.1% 0.5%

The differences between baseline and solution runs, as observed in in Table 4 on the
word level, also occurred on the semantic level. This is not surprising, as problems at the
word level cannot be fully compensated for on the semantic level. The Concept Recognition
module is robust, which is shown by a command recognition rate for full commands
of 92.1% and a callsign recognition rate of 97.8% in Table 6, with a word error rate of
over 3%. When the ATCos were supported by ASRU in solution runs, the understanding
performance increased on both the command level and the callsign level. Table 7 shows the
performance on the semantic level, considering different WER and analyzing the influence
of different parts of the full command on the extraction performance.

Table 7. Performance at the semantic level quantified as recognition and error rates.

Level of Evaluation WER Cmd-Recog-Rate Cmd-Error-Rate Csgn-Recog-Rate Csgn-Error-Rate

Full Command

3.1%

92.1% 2.8% 97.8% 0.6%

Only Label 92.5% 2.4% 97.8% 0.6%

Only Label, offline 93.4% 1.7% 97.9% 0.5%

Only Label, gold
0.0%

99.3% 0.3% 99.9% 0.1%

Full Command, gold 99.1% 0.4% 99.9% 0.1%

The “Full Command” row represents the quality of all instruction elements, even
those that were never shown in the radar label of this application, such as GREETING,
CALL_YOU_BACK, DISREGARD. As our application only considered callsign, type, and
value as important, the “Only Label” row shows the rates when unit, qualifier etc., are
ignored, but still for all command types, independent of whether they were shown in the
radar label. After the validation exercise, the rates were recalculated offline, considering the
elimination of certain obvious software bugs. The recalculated rates for the “Only Label” row,
based on the same word sequence inputs, are shown in the “Only Label, offline” row. These
reported rates for all three rows received the same word sequences with an average WER
of 3.1% as input. The output of the S2T block was the same, with a 3.1% WER in the offline
row. Assuming a perfect S2T block with a word error rate of 0%, a command recognition
rate of 99.3% is achieved. When considering the full command in “Full Command, gold”
row, including also conditions, qualifiers etc., a command recognition rate of 99.1% is
obtained. Both rows show that the Concept Recognition module effectively models the
utilized phraseology, suggesting that improved S2T performance would further improve
semantic-level performance.

4.1.3. Effects of Callsign Prediction on Semantic Extraction Performance

The two rows labeled “No Context” in Table 8 show the performance when context in-
formation is disregarded. The callsign recognition rate decreases from 99.9% to 81.6%, even
with a perfect S2T engine (“gold”). For a detailed explanation, please refer to Section 4.2.2.
The command recognition performance is only slightly lower at 80.6%. The row labeled
“No Context, S2T” also shows the performance without using the available callsign informa-
tion, but instead using a real S2T engine with a WER of 3.1%. In this case, the command
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recognition rate considerably decreases from 92.1% to 66.9%, and the callsign recognition
rate decreases from 97.8% to 71.6%.

Table 8. Performance without using callsign prediction.

Full Command WER Cmd-Recog-Rate Cmd-Error-Rate Csgn-Recog-Rate Csgn-Error-Rate

No Context, gold 0.0% 80.6% 14.4% 81.6% 14.1%

No Context, S2T 3.1% 66.9% 22.1% 71.6% 20.9%

The results of this section, presented in Table 8, demonstrate the impact of using
callsign prediction. Without callsign prediction, the system performance is insufficient.
However, with command prediction, we generate benefits for the ATCo with respect to
workload reduction, which is shown in the next two sections.

4.2. Subjective Results from ATCo Feedback

This section describes the results provided by the subjective ATCo feedback, which
includes ISA, NASA-TLX, Bedford Workload Scale, SUS, CARS, and the three SHAPE ques-
tionnaires: (i) SASHA ATCo, (ii) SATI, and (iii) AIM, as described in the previous section.

4.2.1. Instantaneous Self-Assessment Measure

The results from ISA provide a retrospective self-assessment of the perceived mental
workload by the ATCos. Table 9 shows the ISA results based on the paired t-test from the
validation trials. The ISA mean values were calculated for both scenarios (M and H) under
conditions with and without ASRU support. Delta ISA and min α were calculated with
and without considering sequence effects. A negative delta ISA value indicates that the
mean ISA value was lower in the solution run compared to the baseline run.

Table 9. ISA value results and significance analysis.

Value Composition Medium Scenario Heavy Scenario Combined

with ASRU 2.39 2.87 2.63
ISA mean

without ASRU 2.48 3.26 2.87

ISA delta −0.09 −0.39 −0.25

min α
SE

10.6% 0.5% 0.3%

ISA delta −0.03 −0.39 −0.21

min α
NSE

42.6% 1.1% 3.1%
SE = sequence effect; NSE = no sequence effect; minimal α values, shaded in green for 0% ≤ α < 5%, and in yellow
for (|α| ≥ 10%).

It can be observed that all delta ISA values are negative, independent of whether
sequence effects are considered. This indicates that solution runs received lower mean
ISA values, suggesting that using ASRU support reduces the perceived mental workload
of ATCos. Furthermore, the impact of considering sequence effects can be seen. The
consideration influences the mean ISA value, reduces sigma, and improves the statistical
significance. The minimal alpha value (α min) decreases from 0.7% to 0.3%. Examining the
ISA mean values reveals that supporting ATCos with ASRU lowers the mean ISA value in
both the M and H scenarios. However, the greatest impact can be seen for the H scenario.
Here, the mean ISA value over all simulation runs was almost 15% lower. This result
indicates that ASRU support is particularly effective in reducing the ATCos’ perceived
mental workload during high traffic hours, corresponding to the H scenario.

4.2.2. NASA TLX

Table 10 shows the differences in the six NASA TLX question ratings, which was
calculated as the mean solution value minus the mean baseline value. The last row provides
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a summary by displaying the arithmetic average of all six ratings. Weights between 1 (low
workload) and 10 (high workload) were possible, as described in Section 3.

Table 10. Results of NASA TLX questionnaires for the different traffic scenarios with and without
compensating for sequence effects.

Medium Heavy Both

Diff α Diff α Diff αHypotheses

SE NSE SE NSE SE NSE SE NSE SE NSE SE NSE

MD −0.08 −0.35 44.2% 14.0% −0.50 −0.50 17.9% 17.5% −0.29 −0.42 22.8% 8.5%

PD −0.42 −0.54 14.9% 4.8% −1.08 −1.08 2.5% 2.0% −0.75 −0.81 1.4% 0.4%

TD −0.08 −0.26 43.2% 23.6% −0.33 −0.33 24.3% 20.8% −0.21 −0.30 26.9% 13.6%

OP 0.42 0.38 −6.1% −7.6% −0.08 −0.08 44.8% 44.7% 0.17 0.15 −31.5% −33.1%

EF −0.58 −0.93 22.6% 1.9% −0.75 −0.75 4.1% 2.9% −0.67 −0.84 6.5% 0.2%

FR −0.33 −0.50 29.6% 17.9% 0.08 0.08 −45.4% −44.7% −0.13 −0.21 39.6% 30.7%

Summary −0.18 −0.37 34.0% 9.2% −0.44 −0.44 15.9% 13.0% −0.31 −0.41 15.6% 4.4%

Minimal α values are shaded in green for 0% ≤ α < 5%, in light green for 5% ≤ α < 10%, in light red for light
evidence (−10% ≤ α < −5%) that results were worse with ASRU support, and in yellow for the rest (|α| ≥ 10%).
MD = mental demand, PD = physical demand, TD = temporal demand, OP = operational performance, EF = effort,
FR = frustration. The blue color of “OP” is explained in the text below.

The four columns labeled “Medium” show the results of the performed t-test for the
medium traffic scenarios. The columns labeled “Heavy” show the results for the heavy
scenario, and the columns below “Both” combine the “Medium” and “Heavy” columns.
The six columns labeled “Diff ” show the average differences in the answers between the
runs with and without ASRU support. Negative values indicate a lower workload in the
solutions runs with ASRU support. The “SE” columns contain the values before eliminating
the sequence effects, while the “NSE” columns show the values afterward elimination. The
six columns under “α” show the p-value, which indicates the statistical significance or the
probability of the null hypothesis (see Section 3.3) being valid. In the following discussion,
we will focus only on the values in the “NSE” columns. However, we also include the
values in the “SE” columns to show the effectiveness of our SECT approach.

The differences in the “Diff ” columns for the “Heavy” scenarios did not change when
considering sequence effects. In the case of the medium traffic scenarios, the differences
slightly vary because there were more solution runs as the first runs of the day compared
to the baseline runs (with a ratio of seven to five). Therefore, the differences in columns
“Both” also change.

In the majority of cases, the application of SECT led to an improvement in statisti-
cal significance, resulting in a decrease in the p-value. This shows the value of SECT in
compensating for sequence effects. For the medium runs, statistically significant results
(α < 5%) were obtained in two out of the six cases when the sequence effects were elimi-
nated. Without eliminating the sequence effects, the results are not statistically significant.
For the heavy traffic scenarios, the (color of the) statistical significance did not change,
but in all cases, α decreased or did not change. For the combined scenarios, the statistical
significance improved in five out of two cases, and in two cases, it “improves” to a different
statistically significant range, transitioning from a yellow color code to light green or from
light green to green.

Question “1” (MD) addresses the mental demand, which decreased by 0.5 units out
of 10 in the heavy traffic scenarios, but with a high standard deviation. Question ”2” (PD)
addresses the physical demand, which showed a statistically significant decrease in all runs.
The same trend was observed for the related question (EF): “How hard did you have to work
to accomplish your level of performance?”. The answers to (TD), “How hurried or rushed was the
pace of the task”, did not exhibit statistically significant changes. The same applies to (FR)
“discouraged, irritated, stressed” and (OP) “successfully accomplishing the task”. For the latter,
there was even a tendency for the ATCos to subjectively believe that they performed better,
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at least in the heavy traffic runs without ASRU support. Later sections show that this was
only a subjective feeling.

Question 4 (OP) “How successful were you in accomplishing, what you were asked to do?”
is the only question for which the answer “low” corresponded to a poor performance.
An explanation could be that some ATCos did not always recognize this when answering
the questions. We mark these questions in the following tables in blue as the blue “OP”
indicates in Table 10. It should be pointed out again, that we have transformed the answers
already before presenting them in the table, so that negative differences mean “better
with ASRU”.

4.2.3. Bedford Workload Scale

Table 11 displays the results from the Bedford Workload Scale after performing the
t-test, as described previously. Medium, Heavy, and Both represent the corresponding results
for the scenarios used during the validation trials. Columns indicated by SE show the
results with sequence effects. Columns with NSE show the results after compensating for
the sequence effects.

Table 11. Results of the Bedford Workload Scale for the different traffic scenarios with and without
compensating for the sequence effects.

Medium Heavy Both

Diff α Diff α Diff αHypotheses

SE NSE SE NSE SE NSE SE NSE SE NSE SE NSE

Average −0.42 −0.49 11.1% 6.1% −0.33 −0.33 18.7% 16.7% −0.38 −0.41 6.7% 3.8%

Peak −0.33 −0.44 15.9% 4.6% −0.17 −0.17 34.4% 34.3% −0.25 −0.31 17.2% 10.4%

Summary −0.38 −0.47 11.9% 4.2% −0.25 −0.25 23.6% 22.7% −0.31 −0.36 9.0% 4.6%

Minimal α values are shaded in green for 0% ≤ α < 5%, in light green for 5% ≤ α < 10%, and in yellow for the rest
(|α| ≥ 10%). The columns were previously explained in the NASA TLX results Section 4.1.2.

The average and peak workload change for ATCos in the M scenario ranged from
[−0.33 to −0.49]. Thus, the average and peak workloads were lower with ASRU support.
In the H scenario, the differences ranged from [−0.17 to −0.33]. The highest value for the
difference was calculated for the average workload. The statistical significance for the H
scenario remained largely unchanged with or without considering sequence effects, ranging
from 16.2% to 34.1%. For both scenarios together, the differences between with and without
ASRU support fall within the interval of [−0.25 to −0.41], indicating an overall improved
perceived workload (lower) when using ASRU support. Statistical significance mostly
improved after compensating for sequence effects. The results for the peak workload are
not statistically significant, because the α values are still greater than 10%.

Overall, the results from the Bedford Workload Scale demonstrate that applying ASRU
support for ATCos improved the results by lowering the perceived workload. Greater
effects were recorded for the M scenario compared to the H scenario. Nevertheless, the
relative change was minor. Compensating for the sequence effects significantly improved
the statistical significance in all cases. In addition to the results from the Bedford Workload
Scale, direct feedback was also gathered from ATCos. This feedback is summarized below.

There are three areas of feedback regarding the factors contributing to high workload
for ATCos: (1) HMI aspects that were related to ASRU, (2) HMI aspects that were not related
to ASRU, and (3) simulation aspects such as the amount of traffic, the simulation-pilots,
and the requirement to enter all clearances into the system.

Regarding “HMI aspects that were related to ASRU”, the ATCos identified areas for
improvement in the radar label interaction, such as reduced scrolling, using drop-down
menus for inputs, and addressing issues with incorrect system inputs, especially if the
callsign was wrongly recognized. However, some ATCos also acknowledged the potential
usefulness of ASRU if they were more familiar with the new HMI. The aspect of “getting
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used to the HMI” was also the main criticism for the second feedback area, “HMI aspects
that were not related to ASRU”. The differences between the TopSky system used in
Vienna and the prototypic CWP in Braunschweig caused some difficulties, such as the
unavailability of distance measuring or the number of required clicks for system input.
Most of the feedback concerned the third area of simulation aspects, where ATCos faced
a high traffic load in the high-density traffic scenario. This included radio frequency
congestion due to many transmissions, different speed handling, sometimes uncommon
flight profiles, a few inaccurate simulation-pilot inputs, and more traffic than they were
accustomed to handling alone. The main difference may have been the requirement to
enter all instructed commands into the ATC system, which the ATCos do not need to do in
their usual system.

4.2.4. System Usability Scale (SUS)

Table 12 displays the results of the SUS after performing a t-test, as described previ-
ously. Medium, Heavy, and Both represent the corresponding results for the scenarios used
during the validation trials. Columns indicated by SE show the results with the sequence
effects. Columns with NSE show the results after compensating for the sequence effects.

Table 12. Results of system usability scale for the different traffic scenarios with and without
compensating for the sequence effects.

Medium Heavy Both

Diff α Diff α Diff αHypotheses

SE NSE SE NSE SE NSE SE NSE SE NSE SE NSE

1 −1.10 −1.06 2.4% 2.7% −1.00 −1.00 0.9% 0.8% −1.05 −1.03 0.1% 0.1%

2 −1.20 −1.18 0.3% 0.4% −0.80 −0.80 1.5% 1.5% −1.00 −0.99 2 × 10−4 2 × 10−4

3 −1.50 −1.46 3 × 10−6 6 × 10−6 −1.00 −1.00 0.3% 0.3% −1.25 −1.23 3 × 10−7 3 × 10−7

4 0.20 0.22 −24.3% −21.9% 0.70 0.70 −1.8% −1.8% 0.45 0.46 −2.1% −1.8%

5 −0.80 −0.84 2.2% 1.5% −1.00 −0.94 1.6% 1.5% −0.89 −0.89 0.1% 0.1%

6 −0.40 −0.35 7.4% 8.5% 0.00 0.00 NR −50.0% −0.20 −0.17 15.9% 16.9%

7 −0.20 −0.22 24.3% 22.5% −0.30 −0.30 16.0% 15.9% −0.25 −0.26 11.1% 10.3%

8 −1.29 −1.28 0.1% 0.1% −1.40 −1.40 0.6% 0.7% −1.35 −1.35 1 × 10−4 1 × 10−4

9 −0.80 −0.76 0.9% 1.1% −0.70 −0.70 4.8% 3.6% −0.75 −0.73 0.2% 0.2%

10 −0.30 −0.39 22.2% 15.2% −0.10 −0.10 37.3% 36.6% −0.20 −0.25 20.8% 15.0%

Summary −0.75 −0.74 0.2% 0.2% −0.55 −0.55 0.8% 0.8% −0.65 −0.64 8 × 10−5 8 × 10−5

Minimal α values are shaded in green for 0% ≤ α < 5%, in light green for 5% ≤ α < 10%, in orange if we had high
evidence (−5% ≤ α < 0%) that the results were worse with ASRU support, and in yellow for the rest (|α| ≥ 10%).
“NR” means “no result”, i.e., the average deviations are 0.0%. The columns were previously explained in the
NASA TLX results section. Sometimes, not all ATCos answered all questions. In rare cases, a different number of
answer pairs were obtained for starting with baseline or starting with solutions runs. Therefore, the entries in
columns SE and NSE for the heavy traffic scenarios can be different, as shown for question 5. The blue colors in
column 1 are already explained at the end of Section 4.2.2.

The results from the SUS assessment show the highest changes in the M runs when
comparing runs with and without ASRU support, which range between 0.22 and −1.46.
Thus, in most reported cases, the ASRU support enabled a better usability of the system.
Statistical significance (p-value) ranged between 3 × 10−8% and −50%. For the M runs, in
three cases, a p-value larger than |20%| was reported (bold framed cells) after compensat-
ing for the sequence effects, which indicates no statistical significance. For the H scenario,
the differences ranged from [−1.4 to 0.70]. In one case (question 4), the p-value of −1.8%
indicated that the results were statistically significance and indicate a better performance
without ASRU support. Row 4 indicates that “I think that I would need the support of a technical
person to be able to use this system”. The same effect can be seen for that question, when
analyzing the results of the t-tests for both scenarios combined, since the experience with
the given system was relatively low compared to their general working experience with
the TopSky system. However, when all 10 questions (row “summary”) were combined,
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the results indicated that the overall system had a higher usability while using the ASRU
support during the common ATC task. The statistical significance was very high, with an
average value of 8 × 10−5.

4.2.5. Controller Acceptance Rating Scale (CARS)

Table 13 shows the results of the CARS analysis. Medium, Heavy, and Both represent
the corresponding results for the scenarios used during the validation trials. Columns
indicated by SE show the results with sequence effects. Columns with NSE show the results
after compensating the sequence effects.

Table 13. Results of the controller acceptance rating scale (CARS) for the different traffic scenarios
with and without compensating for sequence effects.

Medium Heavy Both

Diff α Diff α Diff αHypotheses

SE NSE SE NSE SE NSE SE NSE SE NSE SE NSE

Maturity −1.90 −1.72 2.3% 3.7% −1.22 −1.12 2.7% 4.6% −1.50 −1.36 0.3% 0.7%

Minimal α values are shaded in green for 0%≤ α < 5%, see the NASA TLX results Section 4.2.2 for column names.

The CARS results show that for each scenario (M and H) as well as when combining
both scenarios (Both), the differences were between −1.12 (Heavy) and −1.36 (Both) on
the 10-point scale after compensating for sequence effects. This suggests that the ATCo
acceptance increased with the usage of ASRU support compared to simulation runs without
ASRU support. The p-values for all three cases were below 5%, indicating that the null
hypothesis is invalid and there is statistical significance with the usage of ASRU support.

4.2.6. Situation Awareness for SHAPE (SASHA)

Table 14 shows the results of the SASHA analysis. SASHA is the first of three assess-
ments from the SHAPE questionnaire, which analyses the situational awareness of ATCos.
Medium, Heavy, and Both represent the corresponding results for the scenarios used during
the validation trials. Columns indicated by SE show the results with sequence effects.
Columns with NSE show the results after compensating for the sequence effects.

Table 14. Results of situation awareness using SHAPE for the different traffic scenarios with and
without compensating for sequence effects.

Medium Heavy Both

Diff α Diff α Diff αHypotheses

SE NSE SE NSE SE NSE SE NSE SE NSE SE NSE

1 −0.09 −0.13 35.6% 25.4% −0.50 −0.50 1.1% 0.9% −0.30 −0.32 3.2% 1.4%

2 0.18 0.16 −21.0% −22.6% −0.17 −0.17 20.9% 20.9% 0.00 −0.01 NR 47.8%

3 −0.55 −0.58 1.0% 0.2% −0.42 −0.42 12.5% 9.5% −0.48 −0.49 1.4% 0.5%

4 −0.27 −0.28 12.8% 11.7% −0.33 −0.33 14.2% 11.2% −0.30 −0.31 6.1% 4.3%

5 0.00 −0.01 NR 47.2% 0.00 0.00 NR NR 0.00 −0.01 NR 49.1%

6 −0.09 −0.18 42.8% 32.0% −0.58 −0.58 7.7% 2.8% −0.35 −0.39 13.8% 5.5%

Summary −0.14 −0.17 21.5% 8.6% −0.33 −0.33 8.2% 5.3% −0.24 −0.26 5.4% 1.8%

Minimal α values are shaded in green for 0% ≤ α < 5%, in light green for 5% ≤ α < 10%, and in yellow for
|α| ≥ 10%, “NR” means “no result”, i.e., the average deviations are 0.0%. The columns itself and the blue color
in column 1 were previously explained in the NASA TLX results Section 4.2.2.

The SASHA results show that for the M, H, and Both scenarios, the average differences
were between −0.17 (Medium) and −0.33 (Heavy) after compensating for the sequence
effects. This suggests that the situational awareness of the ATCos slightly increased across
all scenarios when using the ASRU support during the simulation runs. The greatest
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positive impact on the ATCos’ situational awareness was recorded during the H scenario.
The p-values after compensating for the sequence effects reduce for the Both scenarios
combined (α = 1.8%) to below 5%. This indicates that the null hypothesis was invalid and
the statistical significance improved with the use of the ASRU support. For the M scenario,
the p-value after compensating for sequence effects was 8.6%, and for the H scenario, it
was 5.3%. Here, the statistical significance was slightly improved with SECT. One possible
explanation is that during the M scenarios, the ATCos had more time to verify their current
planning process (situational awareness) and thus did not feel the need for any support
system. However, during the H scenario, there was less time between different verbal ATC
instructions to check their own planning process. In this case, the spare time obtained
through the ASRU radar label input was valued even more, which improved the ATCos’
situational awareness.

4.2.7. SHAPE Automation Trust Index (SATI)

Table 15 shows the results of the SATI analysis. SATI was the second of three assess-
ments from the SHAPE questionnaire, which analyzed the ATCos’ trust in the automated
functions or systems. Medium, Heavy, and Both represent the corresponding results for the
scenarios used during the validation trials. Columns indicated by SE show the results with
sequence effects. Columns with NSE show the results after compensating for the sequence
effects.

Table 15. Results of the SHAPE Automation Trust Index (SATI) for the different traffic scenarios with
and without compensating for sequence effects.

Medium Heavy Both

Diff α Diff α Diff αHypotheses

SE NSE SE NSE SE NSE SE NSE SE NSE SE NSE

1 −1.10 −1.21 4.4% 2.7% −2.09 −2.07 2 × 10−4 2 × 10−4 −1.62 −1.66 1 × 10−4 5 × 10−5

2 0.10 0.14 −42.6% −39.8% −0.45 −0.45 12.5% 12.7% −0.19 −0.17 27.9% 29.8%

3 0.10 0.21 −42.6% −34.0% −0.64 −0.60 5.8% 5.9% −0.29 −0.21 19.4% 24.8%

4 −0.70 −0.66 9.4% 10.4% −1.09 −1.05 0.8% 0.6% −0.90 −0.87 0.4% 0.4%

5 −0.10 −0.12 43.3% 41.9% −1.45 −1.45 3 × 10−4 3 × 10−4 −0.81 −0.82 1.5% 1.4%

6 −1.10 −1.23 6.8% 3.7% −1.18 −1.11 6.2% 5.9% −1.14 −1.17 1.5% 0.8%

Summary −0.47 −0.48 17.7% 17.0% −1.15 −1.12 0.2% 0.2% −0.83 −0.82 0.5% 0.5%

Minimal α values are shaded in green for 0% ≤ α < 5%, in light green for 5% ≤ α < 10%, and in yellow for
|α| ≥ 10%. The columns were previously explained in the NASA TLX results Section 4.2.2.

The SATI results show that for the M scenario, H scenario, and the combined Both
scenarios, the average difference ranged from −0.48 (Medium) to −1.12 (Heavy) after
compensating for sequence effects. This suggests that he ATCos’ trust in the system
increased when using the ASRU support compared to the simulation runs without ASRU
support. The highest average difference was recorded during the H scenario. The p-value
ranged below 5% for the H scenario (α = 0.2%) and Both scenarios (α = 0.5%), indicating
that the null hypothesis was invalid and the usage of ASRU support increased the statistical
significance. For the M scenario, the average p-value was greater than 10% (α = 17.0%),
which indicates that no increase in trust could be achieved by using ASRU support. This
applies before and after compensating for sequence effects. During the M scenario, the
ATCos might have had enough time to explore the system and were not dependent on
ASRU support. This effect could have decreased the statistical significance compared to
the H scenario, where there was less time to create doubts and the system had to be used
as implemented.

4.2.8. Assessing the Impact on Mental Workload (AIM)

Table 16 shows the results of the AIM analysis. AIM was the third of three assessments
from the SHAPE questionnaire used in this study, which analyzed the ATCos’ mental
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workload experienced. Medium, Heavy, and Both represent the corresponding results for the
scenarios used during the validation trials. Columns indicated by SE show the results with
sequence effects. Columns with NSE show the results after compensating for the sequence
effects.

Table 16. Results of assessing the impact on mental workload for the different traffic scenarios with
and without compensating for sequence effects.

Medium Heavy Both

Diff α Diff α Diff αHypotheses

SE NSE SE NSE SE NSE SE NSE SE NSE SE NSE

1 0.33 0.22 −22.7% −29.1% −0.08 −0.08 39.3% 37.1% 0.13 0.07 −32.1% −38.5%

2 0.42 0.29 −20.8% −26.5% −0.67 −0.67 2.3% 1.8% −0.13 −0.19 34.4% 25.7%

3 0.00 −0.14 NR 36.9% −0.75 −0.75 3.5% 3.3% −0.38 −0.44 12.0% 6.3%

4 0.25 0.15 −28.5% −35.4% −0.50 −0.50 6.2% 6.0% −0.13 −0.17 32.5% 25.3%

5 0.75 0.60 −4.7% −5.3% 0.00 0.00 NR NR 0.38 0.30 −8.3% −10.0%

6 0.82 0.63 −4.1% −7.8% 0.18 0.21 −31.2% −28.0% 0.50 0.42 −4.7% −6.9%

7 0.08 −0.07 −43.2% 43.2% −0.42 −0.42 13.7% 13.3% −0.17 −0.24 29.5% 18.8%

8 0.58 0.54 −8.6% −10.0% −0.17 −0.17 32.2% 29.0% 0.21 0.19 −22.9% −23.7%

9 −0.17 −0.39 37.5% 12.6% −0.67 −0.67 8.2% 8.1% −0.42 −0.53 11.9% 3.4%

10 0.17 −0.03 −37.2% 47.1% −0.25 −0.25 22.2% 21.6% −0.04 −0.14 44.5% 28.5%

11 0.50 0.40 −11.1% −14.7% −0.30 −0.28 20.5% 22.1% 0.10 0.06 −35.9% −41.0%

12 0.58 0.54 −4.9% −5.9% −0.42 −0.42 4.2% 4.1% 0.08 0.06 −35.4% −38.8%

13 0.58 0.46 −9.4% −12.1% −0.58 −0.58 2.9% 2.5% 0.00 −0.06 NR 40.3%

14 0.08 −0.10 −43.0% 39.1% −0.50 −0.50 1.1% 1.1% −0.21 −0.30 21.3% 7.3%

15 0.17 0.00 −35.6% NR −0.42 −0.42 2.3% 2.2% −0.13 −0.21 30.8% 14.8%

Summary 0.32 0.19 −20.4% −27.3% −0.38 −0.38 2.6% 2.5% −0.03 −0.10 44.3% 30.2%

Minimal α values are shaded in green for 0% ≤ α < 5%, in light green for 5% ≤ α < 10%, in orange, if we have
high −5% ≤ α < 0% or in light red for (−10% ≤ α < −5%), and yellow is used for the rest (|α| ≥ 10%), when we
have no statistical significance in any direction. “NR” means “no result”, i.e., the average deviation was 0.0%. The
columns were previously explained in the NASA TLX results Section 4.2.2.

The AIM results show that for the M scenario, the average difference was 0.19 after
compensating for sequence effects (row “Summary”, column “NSE”). This suggests that
using the ASRU support increased the mental workload. For the H scenario and when
combining both scenarios, the average difference ranged from−0.10 (Both) to−0.38 (Heavy)
after compensating for sequence effects. These results indicate that the mental workload
decreased during the simulation runs when using the ASRU support compared to the
simulation runs without ASRU support.

The average p-value results for the M scenario (α = −27%) and when combining Both
scenarios (α = 30%) were greater than |10%|. This indicates that no statistical significance
could be achieved when using the ASRU support. For the H scenario, the average p-value
was 2.5% after compensating for sequence effects. This indicates that for the H scenario,
the null hypothesis was invalid and the mental workload was improved by using the
ASRU support.

4.3. Objective Results

In this section, the results from the secondary task (Stroop test) and the performance
measurements are analyzed and discussed.

4.3.1. Results from Secondary Task—Stroop Test

Table 17 shows the result when the ATCos’ successfully performed Stroop tests for
the different traffic scenarios without and with compensating for the sequence effects. The
results are obtained from [29].
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Table 17. Number of successfully performed Stroop Tests.

Medium Heavy Both

Diff α Diff α Diff α

SE NSE SE NSE SE NSE SE NSE SE NSE SE NSE

11.3 13.5 9.3% 3.6% 14.3 14.3 3.6% 2.3% 12.8 13.9 1.3% 0.3%

Minimal α values are shaded in green for 0%≤ α < 5%, see the NASA TLX results Section 4.2.2 for column names.

The Stroop test results show that for each scenario (Medium and Heavy) as well as
when combining both scenarios, the difference ranged from 13.9 (both) to 14.5 (Medium).
This indicates that the ATCos were able to perform more successful Stroop tests using the
ASRU support during the simulation runs. When supported by ASRU, the ASRU performs
many tasks that the ATCos otherwise need to do manually. The average of successfully
solved Stroop tests in the H scenario was 19.9 without ASRU support and 34.2 with ASRU
support (not shown in Table 17). It is important to note that we do not plan to occupy the
ATCo with an additional task. This observation demonstrates that in certain situations,
such as an incident, the ASRU support provides some additional safety buffers in terms
of workload capacity. In the M scenarios, the average number of successfully solved tests
increased from 34.3 without ASRU support to 47.8 with ASRU support. The increase in
both traffic situations was nearly the same, although the command recognition was slightly
worse in the H scenarios, as shown in Table 6. The p-value results were below 5% across
all scenarios. Thus, the null hypothesis was invalid and the number of possible additional
tasks was improved by using the ASRU support.

4.3.2. Missing and Wrong Radar Label Cell Entries

Knowing now that ASRU support reduces ATCo workload, it is important to ensure
the accuracy of the radar label contents after the ATCo has checked the ASRU output,
i.e., if all the given commands show the actual situation in digital form. How often do we
have missing or even wrong inputs? In theory, a person would need to count how often the
radar label contents were different from the spoken commands. However, this approach is
impractical. It is nearly impossible for someone to listen to ATCo utterances, completely
understand them on a word level, transform to the meaning to a semantic level, and
check the radar label contents with the required accuracy. A deviation of approximately
1% is expected. Transcription experiments with humans transcribing voice utterances
has already shown that a word error rate of approximately 4% to 11% can be expected,
especially when a person can only listen once [45]. A computer-based solution is required,
which is described below.

During the experiments, all mouse clicks that changed the radar label cell contents
were recorded, and Table 18 shows the results of these recordings. The correct contents of
each cell for each callsign at any point in time is indirectly given. All ATCo voice transmis-
sions were transcribed and annotated, creating what are known as gold annotations. These
gold annotations were replayed and sent to the software that generated the contents of the
radar label cells. As a result, the clicks are recorded again, but giving us this time the correct
and complete contents of each cell for each callsign at any point in time. The cell contents
during the experiments can then be compared to the correct/gold contents. The compari-
son of the label cell contents during the experiments to the correct contents can be done
automatically, and the calculation can be automatically rerun whenever inconsistencies in
the gold annotations are identified.

Table 18, taken from [29], shows the results for the baseline and the solution runs.
The first column shows the number of clearances given for each cell. We did not count
commands which cleared a value in a field, such as “own navigation” or “no speed restrictions”,
but we considered them when a calculation was missing or when wrong cell entries were
present. The “Gold” column contains the number of commands of this type, resulting from
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the replay of the manual annotations. “Clicks” counts the number of clicks in this cell,
which changed the value of the cell, ignoring clicks that cleared the value.

Table 18. Number of errors in radar-label cells after compensating for sequence effects for the heavy
and medium scenarios.

Baseline Solution

Type Gold Clicks Miss Add RR Gold Clicks Miss Add RR

Alti * 1950 1906 62 20 95% 1978 28 19 16 95%

Spd * 1102 1074 70 35 89% 1183 34 17 3 89%

Head * 936 572 351 8 94% 894 7 30 11 94%

WP * 598 589 29 14 85% 604 20 18 25 87%

Tran * 301 216 89 12 85% 289 7 23 1 88%

Rate * 63 74 13 4 67% 64 11 6 1 74%

Spec * 1367 936 14 15 93% 1372 19 34 15 92%

* Row “Alti” shows the number of commands, which were spoken and would require an input into the altitude
cell in the radar label. “Spd” denotes the speed cell, “Head” denotes the heading cell, “WP” denotes the waypoint
cell, “Tran” denotes the “Transition/Route” cell, “Rate” denotes the descent rate cell, and “Spec” denotes the
ILS/approach clearance and the change frequency command type cell. Cells marked in orange, are analyzed in
more detail in [29].

The “Miss” column counts the number of cell values that were missing, and the “Add”
column represents the number of cell values which were in the cells but not spoken at that
time. “RR” is the command recognition rate for each type. The entries in the cells “Miss”
and “Add” were corrected for sequence effects as described in Section 3.3. However, the
compensation effects were much smaller than for the Stroop test. The greatest change was
by 1.3 in absolute numbers. Some cells in Table 18 are marked in orange, which require
a deeper analysis or additional explanations which are provided in [29]. The sum of clicks
and missing commands did not correspond to the gold column. Sometimes, the same
command was repeated with the same value, due to “say again” or a lack of response from
the simulation-pilots. Additionally, a gold command may sometimes require two entries,
such as when using DIRECT_TO to a waypoint, which should also delete the heading value.

The analysis of the results in Table 18 in [29] has given insights to improve the com-
parison between the correct and actual label values to better reflect how ATCos of Austro
Control work in daily life. The improvements, which were not part of [29], are presented in
Table 19.

Table 19. Number of errors in radar label compensating sequence effects and considering the special
situation of the Vienna Approach Control.

Baseline Solution

Type * Gold Clicks Miss Add RR Gold Clicks Miss Add RR

Alti 1950 1906 58 11 95% 1978 28 19 15 95%

Spd 1102 1074 70 15 89% 1183 34 17 2 89%

Head 936 572 108 4 94% 894 7 13 10 94%

WP 598 589 29 11 85% 604 20 18 24 87%

Tran 301 216 90 11 85% 289 7 22 1 88%

Rate 63 74 13 2 67% 64 11 6 0 74%

Spec 1367 936 13 12 93% 1372 19 34 15 92%

Sum 6317 5367 380 65 6384 126 130 68

* The rows are already explained in the footer of Table 18. The blue and orange color coding of the cells is explained
in the text below.
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• A missing value was not considered twice. For example, if 250 knots were in-
tended/said and the value 240 was accidently entered or wrongly recognized, and
therefore incorrect, Table 18 counted this as missing 250 and as an additional value of
240 in the “Spd” row. In Table 19, missing label cell values were not counted twice if
they already have an entry in the “miss” column for the same given command value.
This and other corrections reduced the sum of column “Add” from 145 to 65 in the
baseline runs. The effect in solution runs was a minor reduction from 73 to 68.

• Missing entries for 2600 feet were not counted as “Miss” or “Add” because this was
the interception altitude at the final approach fix, which was not instructed by ATCo
after the “cleared ILS” instruction.

• If a heading value was given together with an ILS clearance, we did not expect an
entry in the heading cell. This reduced the number of missing heading values from
351 in Table 18 to 107 in Table 19 for the baseline runs.

The values in Table 19 shaded in blue were previously explained in [29]. The cells
marked in orange require a deeper analysis.

• In 70 instances, the ATCo missed entering the given speed value or entered a wrong
value. No systematic reason was observed. CAS (calibrated air speed) speed values
between 160 and 300 were involved, and the majority were between CAS 160 and
CAS 220. It was assumed that the high workload prevented the ATCo from inputting
the given speed value in some situations, accounting for 6.5% of the cases.

• TRANSITION commands were not deemed as important for the ATCos of Austro
Control. They did not input a given transition command in their operational TopSky
system. Nevertheless, Austro Control had designed the experiment and the HMI in
such a way that the ATCos should input the cleared transitions, which is a benefit of
using ASRU support with respect to situation awareness.

• The same applies for the given heading commands that were not input manually.

The initial question was how to verify the number of missing ATCo commands in the
label cells with and without ASRU support. This was done by replaying the annotated
utterances. The next question was if all the missing commands were corrected by the ATCo.
The numbers in Table 19 show that this was not the case. However, it was also not the case
when the ATCo manually inputs all commands. We performed paired t-tests as described
in Section 3.3 to validate whether the differences were statistically significant. We used the
data after compensating for the sequence effects from Table 19. The results without and
with compensating sequence effects are shown in Table 20.

Table 20. Minimum alpha values for the hypothesis that ASRU improves the correctness of radar
label cell contents without and with compensating for sequence effects.

Hypotheses Medium Heavy Both

SE NSE SE NSE SE SNE

Alti. 5.0 × 10−4 5.0 × 10−4 9.2% 8.1% 2.2 × 10−4 4.7 × 10−4

Spd 2.0% 2.0% 0.6% 5.4 × 10−3 2.8 × 10−4 5.7 × 10−4

Head 6.2% 6.0% 1.1% 5.6 × 10−3 1.9 × 10−3 2.8 × 10−3

WP 18.7% 17.0% 8.6% 8.5% 4.8% 5.1%

Tran 2.8% 1.3% 8.2 × 10−4 4.7 × 10−4 5.1 × 10−5 1.5 × 10−4

Rate −24.3% −20.7% 3.5% 2.9% 11.4% 11.8%

Spec −6.8% −7.1% −9.3% −9.0% −2.6% −2.9%

Sum 2.9 × 10−3 2.7 × 10−3 2.3 × 10−4 2.3 × 10−4 3.5 × 10−7 3.8 × 10−6

Minimal α values are shaded in green for 0% ≤ α < 5%, in light green for 5% ≤ α < 10%, in orange if we have
evidence that results were worse with ASRU support (–5% ≤ α < 0%), in light red for (–10% ≤ α < 5%), and in
yellow for the rest (|α| ≥ 10%).

Table 20 shows that the results were highly statistically significant for almost all radar
label cells, indicating that the correctness of radar label cells was much better if ATCos were
supported by ASRU. However, statistical significance was not observed for the waypoint,
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rate and special radar label cells across all scenarios. The deviation for the “Spec” was
intended by the design of experiment, as described in [29]. The entries of the “Spec”
commands appeared in the forth label line, which was only visible for the ATCo, when the
mouse was hovered over the corresponding radar label.

The results highlight that even with an ASRU command recognition rate of only 92%,
which is already very good compared to other results reported in the context of SESAR-2
ASRU validation exercises [7], the ATCos workload and their human performance was
not negatively impacted. Furthermore, there are an abundance of safety nets such as
Monitoring Aids (MONA), Cleared Level Adherence Monitoring (CLAM), Route Adher-
ence Monitoring (RAM), Short-term Conflict Alert (STCA), and Medium-term Conflict
Detection (MTCD), which would prevent any critical safety event. Additionally, the use
of eye-tracking to verify whether the ATCo visually scanned the ASRU output can help
to further reduce the negative effect of ASRU errors. In case the ATCo did not check the
ASRU output within a certain time period, auditory or visual attention guidance could be
a possible solution.

5. Conclusions

The main research question was to quantify of the benefits of Automatic Speech Recog-
nition and Understanding (ASRU) support for ATCos performing radar label maintenance
in terms of safety and human performance. Therefore, an extensive human-in-the-loop
study with twelve Austro Control ATCos was carried out at DLR Braunschweig. A method
to compensate for sequence effects was introduced, which improved the statistical sig-
nificance by a factor of two on average, thus reducing the number of required ATCos.
Furthermore, for the first time, we were able to analyze how many radar label inputs were
incorrect when ASRU support was provided and when it was not available.

The measured accuracy of speech-to-text and text-to-concept has shown that the ASRU
technology functions reliably and robustly. For all radar cells, a command recognition rate
of 92.5% with an error rate of 2.4% was achieved.

In terms of flight safety, the number of wrong or missing inputs from ATCos into
the radar label was reduced by a factor of more than two through ASRU support usage
(from 11% to 4%). Hence, ATCos had more mental spare capacity when using ASRU
support for radar label maintenance, which is crucial for safety in unforeseen events such as
an incident. This was demonstrated through a secondary task, where occupying less mental
capacity in the primary task (air traffic control) increased the situational awareness among
ATCos, which can be beneficial in safety-critical situations. These findings were confirmed
by the results of the SASHA questionnaire, with a statistical significance of α = 1.8%.
The reduction in workload was measured using NASA TLX, ISA, Bedford, SHAPE, and
AIM questionnaires.

In addition to the impact of ASRU support on flight safety and workload, the ATCos
reported an increased satisfactory and trust level in human-system performance when
using the ASRU support. The results from the CARS and SATI questionnaire showed
that ATCos acceptance increased, with α = 0.7%, and improved trust with high statistical
significance (α = 0.5%). Overall, flight safety and human performance was significantly
improved when ATCos use ASRU support for radar label maintenance.

The ANSP involved in the study designed the user interface in a way that required the
ATCos to input all commands into the ATC system, which is not done by ATCos in their
current operational system. In the future, ANSPs are strongly recommended to have all
commands in digitized form, ensuring that the CWP offers a way to enter the commands
without significantly increasing ATCo workload. The presented ASRU technology is
a lightweight method to support this transition and increase situational awareness as an
additional benefit when all commands are integrated into the ATC system.
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Appendix A

For the following questionnaires, different scales were applied to answer or rate the
corresponding question or statement. These scales can be found in the correspondent
section.

Appendix A.1. Questions Used for NASA TLX

1. How mentally demanding was the task?
2. How physically demanding was the task?
3. How hurried or rushed was the pace of the task?
4. How successful were you in accomplishing what you were asked to do?
5. How hard did you have to work to accomplish your level of performance?
6. How insecure, discouraged, irritated, stressed, and annoyed were you?

Appendix A.2. Statements Used for SUS Questionnaire

1. I think that I would like to use this system frequently.
2. I found the system unnecessarily complex.
3. I thought the system was easy to use.
4. I think that I would need the support of a technical person to be able to use this system.
5. I found the various functions in this system were well integrated.
6. I thought there was too much inconsistency in this system.
7. I would imagine that most people would learn to use this system very quickly.
8. I found the system very cumbersome to use.
9. I felt very confident using the system.
10. I needed to learn a lot of things before I could get going with this system.

Appendix A.3. Statements Used for SASHA Questionnaire

1. In the previous run, I was ahead of the traffic.
2. In the previous run, I started to focus on a single problem or a specific aircraft.
3. In the previous run, there was a risk of forgetting something important (such as

inputting the spoken command values into the labels).
4. In the previous run I was able to plan and organize my work as wanted.
5. In the previous run I was surprised by an event I did not expect (such as an aircraft call).
6. In the previous run I had to search for an item of information.
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Appendix A.4. Statements Used for SATI Questionnaire

1. In the previous working period, I felt that the system was useful.
2. In the previous working period, I felt that the system was reliable.
3. In the previous working period, I felt that the system worked accurately.
4. In the previous working period, I felt that the system was understandable.
5. In the previous working period, I felt that the system worked robustly (in difficult

situations, with invalid inputs, etc.).
6. In the previous working period, I felt that I was confident when working with

the system.

Appendix A.5. Questions Used for AIM Questionnaire

1. In the previous run, how much effort did it take to prioritize tasks?
2. In the previous run, how much effort did it take to identify potential conflicts?
3. In the previous run, how much effort did it take to scan radar or any display?
4. In the previous run, how much effort did it take to evaluate conflict resolution options

against the traffic situation and conditions?
5. In the previous run, how much effort did it take to anticipate the future traffic situation?
6. In the previous run, how much effort did it take to recognize a mismatch of available

data with the traffic picture?
7. In the previous run, how much effort did it take to issue timely commands?
8. In the previous run, how much effort did it take to evaluate the consequences of

a plan?
9. In the previous run, how much effort did it take to manage flight data information?
10. In the previous run, how much effort did it take to recall necessary information?
11. In the previous run, how much effort did it take to anticipate team members’ needs?
12. In the previous run, how much effort did it take to prioritize requests?
13. In the previous run, how much effort did it take to scan flight progress data?
14. In the previous run, how much effort did it take to access relevant aircraft or flight

information?
15. In the previous run, how much effort did it take to gather and interpret information?
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