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Abstract
Automatic Speech Recognition (ASR) has seen significant advances in aviation, particularly in Air Traffic Control
(ATC), however intra-cockpit communication between pilots has remained largely unexplored despite its central
role in teamwork and decision-making. This paper takes an application-oriented perspective and examines how
openly available state-of-the-art ASR models perform when applied to intra-cockpit communication without any
domain-specific adaptation. We evaluate OpenAI’s Whisper (Large-v3 and turbo variant), Wav2Vec2-XLSR-53
as a base model with fine-tuned English, German and multilingual versions, and Meta’s Massively Multilingual
Speech (MMS) model. Using a dataset of 409 manually transcribed speech segments collected from simulator
flights, this paper classifies cockpit communication into six categories and assess performance using Word
Error Rate (WER) for each model and category. Results show that Whisper Large consistently achieves the
lowest average error rates and demonstrates strong multilingual handling, though it is prone to outliers and
occasional hallucinations. Wav2Vec-based models, while less accurate overall, avoid generative errors, with
monolingual fine-tuned models working better in language-specific contexts and multilingual variants being able
to adapt to code-switching in some cases. The findings highlight trade-offs between consistency, multilingual
capability, and computational work, and point to the potential of domain-specific fine-tuning, as this enables
improvements in specialized terminology handling. These insights provide a foundation for applying ASR to
cockpit communication in both human factors research and future Human–AI Teaming (HAT) applications.
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1. INTRODUCTION

Automatic Speech Recognition (ASR) refers to the
process of automatically converting spoken language
into text. In recent years, advances in deep learning
and end-to-end architectures have significantly im-
proved recognition accuracy across a wide variety of
domains. Within aviation, ASR has received growing
attention, particularly in Air Traffic Control (ATC),
where it has been applied to enhance operations
and safety through functionalities such as callsign
highlighting, radar label pre-filling, and readback error
detection [1–5].
Progress in this area has been enabled by large-scale
dataset development and domain-specific fine-tuning
[2,6,7]. Major corpora such as the ATCO2 corpus [7]
and the Singapore S-ATC corpus [8] have provided the
foundation for benchmarking models, leading to Word
Error Rates (WER) as low as 4–15% when systems
are fine-tuned on ATC data [1–3].
While these advances demonstrate the possibilities
for ASR in aviation, most research has concentrated
on the structured and standardized communication
between ATCOs and pilots. In contrast, intra-cockpit
communication, the interaction between flight crew

members, remains largely unexplored despite its
central role in teamwork, decision-making, and
adherence to standard operating procedures.

1.1. Motivation

The ability to passively capture and transcribe intra-
cockpit speech has important implications for both re-
search and operational practice.
First, ASR provides a non-intrusive and effective
means for human factors research, offering the op-
portunity to analyze teamwork and communication
strategies [9]. Manual transcription of crew commu-
nication is typically very time-consuming, whereby
ASR could substantially reduce the effort for such
investigations.
Second, ASR could serve as a key enabling com-
ponent for systems that continuously monitor crew
communication and support situation awareness
during operations. Automated systems could verify
whether checklist items have been verbally confirmed,
whether standard briefing elements are completed,
or whether procedural steps are omitted, all without
requiring active input from the crew. In this way, ASR
could contribute to another safety layer, ensuring pro-
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cedural adherence and detecting potential deviations
in real time.
Third, accurate transcription of cockpit dialogue could
serve as the foundation for future speech-based
interfaces supporting Human-AI Teaming (HAT). In
line with EASA’s concept paper [10], cockpit systems
are anticipated to encompass not only Level 1 appli-
cations that assist or augment pilots, but also Level
2 applications enabling HAT. At Level 2A (“human–AI
cooperation”), the AI supports pilot decision-making
by suggesting or implementing directed actions while
full authority remains with the pilot. At Level 2B
(“human–AI collaboration”), interaction becomes
more dynamic, e.g. with the AI capable of sharing
situation awareness, adjusting strategies in real
time, and communicating to support collaborative
decision-making [10]. This might require dialogue in
spoken natural language [10, 11]. Therefore, ASR in
intra-cockpit communication could lay the groundwork
for bidirectional speech-based interaction between
pilots and intelligent systems, providing an intuitive
modality that aligns with cockpit workflows.

1.2. Research Objectives and Contributions

Against this background, the paper takes an
application-oriented perspective, focusing on the
systematic evaluation of openly available, state-of-
the-art ASR models for intra-cockpit communication.
The objective is to determine how well such mod-
els perform without use-case specific adaptation
when applied to different scenarios in intra-cockpit
communication. Specifically, the paper:
• Classifies cockpit communication scenarios, so the

variation in speech structure, lexical content, and
multilingual exchanges is captured.

• Compares multiple ASR models across these sce-
narios using WER as the evaluation metric.

• Analyzes model-specific strengths and weaknesses
across different communication scenarios.

1.3. Structure of the Paper

Hereby, the paper is organized as follows: Section 2
introduces and classifies intra-cockpit communication
and outlines the associated challenges for ASR.
Section 3 describes the methodology, including the
dataset, models, metrics, and normalization proce-
dures. Section 4 presents the results for overall model
performance and per communication scenario. Sec-
tion 5 discusses the presented results and analyzes
strengths and weaknesses of the models, followed
by limitations and future work in Section 6. Finally,
Section 7 concludes the paper.

2. COCKPIT COMMUNICATION

The following subsections first provide an overview
and classification of the main types of cockpit commu-
nication and then discuss specific challenges cockpit
communication characteristics pose for ASR.

2.1. Types of Communication in the Cockpit

Communication in aviation can be broadly distin-
guished into three domains: pilot-to-pilot (intra-
cockpit), pilot-to-ATC, and pilot-to-cabin communi-
cation. Pilot-to-pilot or intra-cockpit communication
refers to all verbal exchanges between the pilot flying
and the pilot monitoring within the cockpit. Pilot-to-
ATC communication encompasses the standardized
phraseology exchanged between the flight crew and
air traffic controllers. Pilot-to-cabin communication
describes the interaction between the flight crew and
cabin crew.
The present study focuses on intra-cockpit com-
munication, for the reasons presented in Section
1.1. Based on discussions with a retired airline
pilot, domain experts and the analysis of cockpit
recordings obtained in simulator studies, intra-cockpit
communication can be classified into six principal
categories:
1) Checklists: Standardized procedures and phrase-

ology used to systematically verify the correct con-
figuration of aircraft systems and the completion
of required actions across different phases of flight
and pre-flight. Communication is highly structured
and follows a fixed call-and-response pattern, with
highly specific technical vocabulary almost exclu-
sively in English.

2) Briefings: Structured pre-flight or phase-of-flight
briefings covering essential elements such as
departure and approach procedures, weather
conditions, and alternate aerodromes. While the
points to be discussed are fixed, the phrasing is
more flexible, combining repeated technical terms
in English with explanatory speech in the crew’s
native language (here German).

3) Aircraft handling: Verbal exchanges directly re-
lated to the control and monitoring of the aircraft,
including mandatory callouts such as “V1”, “Ro-
tate”, or “Positive climb”. These are standardized
and mostly in English, but are sometimes mixed
with short, spontaneous German comments on
handling and performance, producing a mixture of
codified callouts and situational remarks.

4) Navigation and Flight Path Management: Com-
munication concerned with planning, monitoring,
and adjusting the flight path, including references
to waypoints and altitudes. Utterances combine
structured confirmations in English with evaluative,
interactive dialogue in German.

5) Decision-making and situational communication:
Exchanges that support the joint assessment of
the situation, negotiation of options, and agree-
ment on a course of action, particularly in dynamic
or unexpected contexts. Here, the language here
is less predictable and more discursive, with rea-
soning and evaluation in German combined with
English technical terms.

6) Abnormal and emergency procedures: Communi-
cation during the structured execution of abnormal
or emergency checklists, either via the Electronic
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Centralized Aircraft Monitor (ECAM) or the Quick
Reference Handbook (QRH). ECAM-related ex-
changes are characterized by a dense sequence
of technical terminology and procedure-specific
items, with a primary focus on the systematic
identification of malfunctions and the articulation
of corresponding mitigation steps. While the
procedural items themselves are standardized in
English, crews may read aloud or comment in
German, resulting in a multilingual exchange (e.g.,
“Wir haben nur noch einen Spoiler pro Seite.”).

In addition, there is also social communication
between pilots, which may include small talk or non-
operational remarks. While such exchanges are part
of the natural communication environment, they are
excluded from the present analysis due to their limited
operational relevance.

2.2. Challenges for ASR in Cockpit Communica-
tion

ASR in the cockpit environment faces several chal-
lenges that distinguish it from other application
domains. A primary factor is background noise, which
includes continuous engine sounds, airflow, alarms,
and radio static. Another challenge is that non native
English speaking flight crews often operate in bilin-
gual or multilingual contexts, differences in accents,
dialects etc. Another important aspect is aviation-
specific phraseology and vocabulary. All of this
becomes even more complex given the heterogeneity
of communication types within the cockpit. As dis-
played in the previous section, communication ranges
from highly structured and predictable phrases during
checklists and callouts, to semi-structured briefings
expressed in formalized but natural language, and
to decision-making and situational exchanges. The
latter are often guided by structured procedures
such as FOR-DEC (Facts, Options, Risks & Ben-
efits, Decision, Execution, Check), a standardized
decision-making model in aviation, but still realized in
more flexible and less predictable language.

3. METHODOLOGY

3.1. Dataset

The dataset was compiled from recordings obtained
in four independent studies, comprising a total of 18
cockpit simulator flight recordings. In all studies, in-
formed consent was obtained from the participants.
The recordings were produced in two different simula-
tor environments: a full flight simulator and a flat panel
simulator. The original recordings were in video format
and were converted to WAV audio files for further pro-
cessing. The audio material is multilingual, containing
a mix of German and English, reflecting the language
use commonly observed among German pilots. All
speakers in the dataset are male pilots.

Segmentation of the audio was carried out automati-
cally through a Python script using the pydub library1.
Each recording was processed to identify pauses in
communication, with a maximum segment length of
30 seconds and a minimum silence duration of 500 ms
used for detection. The 30-second limit was chosen
because the Hugging Face ASR pipeline processes
inputs of up to 30 seconds, requiring longer record-
ings to be split accordingly. To avoid cutting off words
in the middle, which could degrade recognition accu-
racy, segmentation points were aligned with detected
silences. Silence was defined relative to the average
signal level, with a threshold of –35 dBFS. This thresh-
old was adjusted when necessary depending on the
noise level of the recording. The script first detected all
silent intervals meeting these criteria, calculated their
midpoints, and then split the audio at the latest silence
point within each 30-second analysis window. Each
segment was saved as a separate WAV file.

Category Segments Duration (minutes)
1 27 11.5
2 58 25.9
3 59 24.2
4 29 12.0
5 160 72.9
6 76 35.6
Total 409 182.1

TAB 1. Overview of dataset distribution across cate-
gories

Manual ground truth transcripts were created for each
segment. A set of categories representing the speech
situation was defined in collaboration with a pilot
and domain-experts as discussed in Section 2 and
each segment was assigned one or more categories
according to its content. Since the segmentation
process was independent of conversational bound-
aries, a single segment could contain content from
multiple categories or include a category switch within
its duration. To ensure that each sample in the final
dataset represented a single, unambiguous category,
all segments containing multiple categories or cate-
gory switches were removed. Furthermore, segments
containing content outside of the set categories, like
social communication, communication with ATC or
discussions with the researchers during the simula-
tion were excluded. After this filtering step, the final
dataset consists of 409 speech segments with an
overall duration of about 182 minutes. The distriution
of those segments across the different categories of
cockpit communication is shown in Table 1. Each
remaining segment has an associated WAV audio
file, a verified transcript, and a single unique category
label.

1https://www.pydub.com/
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3.2. Models

In order to compare different ASR models for the
target application, we focused on open-source mod-
els with broad community adoption, reproducibility,
and competitive benchmark performance. Another
selection criterion was the availability of multilingual
support and integration within the Hugging Face
ecosystem, which ensures that all models can be
evaluated using the same pipeline and allows for
easy implementation and direct comparability across
models. Based on these considerations, we restrict
our comparison to Whisper, representing large-scale
weakly supervised training with multiple model sizes
to examine scaling trade-offs, Wav2Vec-XLSR-53,
representing self-supervised representation learning
with different finetuned heads and Massively Multilin-
gual Speech (MMS), which extends this line of work
to a big language coverage.

3.2.1. OpenAI Whisper

Whisper [12] is a family of encoder-decoder trans-
former models trained on 680,000 hours of multi-
lingual and multitask supervised data. It supports
over 90 languages and has shown robustness to
domain and environmental variability, making it suit-
able for noisy communication channels. Whisper is
fully open source and provides different model sizes
(tiny to large). In this work, we primarily focus on
Whisper Large-v32, hereafter mentioned as Whisper
Large and Whisper Turbo3, since they offer better
recognition accuracy compared to the smaller models
while still being practical to deploy on modern hard-
ware [12, 13]. Whisper is widely used in monolingual
and multilingual ASR tasks [14,15].

3.2.2. Wav2Vec 2.0

Wav2Vec 2.0 [16] introduced a self-supervised learn-
ing paradigm for ASR by pretraining on large quanti-
ties of unlabeled speech data and fine-tuning on la-
beled datasets. The architecture consists of a convo-
lutional feature encoder that transforms raw audio into
latent representations, followed by a transformer net-
work that contextualizes these representations. Pre-
training is carried out using contrastive learning, and
the model can then be fine-tuned with relatively small
amounts of labeled data. This approach has demon-
strated state-of-the-art results on benchmarks such as
LibriSpeech and has shown strong adaptability to both
high- and low-resource languages.
In this study, we evaluate two major pretrained base
models derived from Wav2Vec 2.0 and their respec-
tive fine-tuned variants for ASR:

Wav2Vec2-XLSR-53
Wav2Vec2-XLSR-53 4 [17] is a pretrained base model
built on Wav2Vec 2.0. It was trained on raw speech

2https://huggingface.co/openai/whisper-large-v3
3https://huggingface.co/openai/whisper-large-v3-turbo
4https://huggingface.co/facebook/wav2vec2-large-xlsr-53

waveforms from 53 languages and learns cross-
lingual speech representations through contrastive
learning and shared quantization of latent features.
As a base model, it is not directly optimized for speech
recognition but requires fine-tuning on labeled down-
stream data for ASR. From this, the following models
were derived:
• XLSR-Multilingual-565 [18]: Fine-tuned on 56 lan-

guages using Mozilla Common Voice.
• XLSR-English6 [19]: Fine-tuned on English (Com-

mon Voice 6.1).
• XLSR-German7 [20]: Fine-tuned on German

(Common Voice 6.1).

MMS-1B
The MMS project [21], introduced by Meta AI,
extends the Wav2Vec 2.0 architecture to a large
multilingual setting. It is pretrained with Wav2Vec2’s
self-supervised training objective on about 500,000
hours of speech data in over 1,400 languages. From
this base, the following variant was used in this work:
• MMS8 [21] : Fine-tuned on 1,162 languages for

multi-lingual ASR.

3.3. Metrics

Transcription accuracy was evaluated using WER and
was computed with the jiwer library9, which provides
a standardized implementation for text-based error
measurement. WER is defined as

(1) WER(%) =
S +D + I

N
∗ 100%,

where S represents the number of substitutions, D the
number of deletions, I the number of insertions, and
N the total number of words in the reference text. A
lower WER indicates a more accurate transcription.
Moreover, we measured the average processing dura-
tion (in seconds) required to automatically transcribe
an audio segment. This metric was obtained on a
workstation with an AMD 48-Core EPYC processor
and an NVIDIA A100 GPU with 48 GB VRAM.

3.4. Normalization

Prior to computing WER, transcripts were normalized
to eliminate differences that were not relevant for the
evaluation. We applied OpenAI’s normalization func-
tions10 [12], which handle case folding and removal of
special characters, convert numeric expressions into
Arabic numerals, and unify spelling variants. In addi-
tion, we implemented custom normalization tailored to
cockpit communication. First, ICAO alphabet words

5https://huggingface.co/voidful/wav2vec2-xlsr-multilingual-56
6https://huggingface.co/jonatasgrosman/wav2vec2-large-xlsr-5

3-english
7https://huggingface.co/jonatasgrosman/wav2vec2-large-xlsr-5

3-german
8https://huggingface.co/facebook/mms-1b-all
9https://jitsi.github.io/jiwer/

10https://github.com/openai/whisper
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Category MMS XLSR-Multil. XLSR-Ger. XLSR-Eng. Whisper Large Whisper Turbo
1 83.5 ± 16.7 87.8 ± 12.7 86.6 ± 14.0 75.7 ± 16.9 28.2 ± 24.9 40.1 ± 47.5
2 57.7 ± 19.5 79.2 ± 10.3 60.7 ± 13.5 93.3 ± 4.7 22.3 ± 19.2 24.9 ± 13.9
3 94.5 ± 49.5 93.9 ± 10.5 88.4 ± 19.9 98.0 ± 21.8 53.4 ± 40.7 63.5 ± 49.0
4 86.3 ± 22.0 90.7 ± 11.4 81.8 ± 18.0 95.7 ± 20.4 43.1 ± 25.6 53.9 ± 26.3
5 68.2 ± 17.7 85.0 ± 10.4 70.4 ± 14.0 97.0 ± 4.2 25.7 ± 16.1 30.2 ± 22.4
6 74.7 ± 20.2 85.0 ± 10.5 79.1 ± 11.4 77.0 ± 14.4 29.4 ± 22.6 33.1 ± 21.0

TAB 2. Normalized mean WER(%) (± SD) for each model across communication categories. Red values indicate
the worst performance within a category, while blue values highlight the best performance.

were mapped to their corresponding single letters
(e.g., DELTA → D). Next, compound word variants
were normalized using regular expression matching,
so that forms such as “take-off,” “takeoff,” and “take
off” were replaced by a unified representation. Finally,
a predefined list of filler words (e.g., um, uh, ähm)
was filtered out by removing them from the text.

3.5. Procedure

The evaluation followed a within-subject design, with
all models applied to every category. In a first step,
transcripts were generated for each audio segment,
that were transferred to 16kHz and the process-
ing time required per segment was recorded. The
transcripts were then normalized. Based on the
normalized text, the WER was calculated for every
segment. Finally, the results were aggregated by
computing the mean and Standard Deviation (SD) of
the WER values for each model within each category.

4. RESULTS

4.1. Accuracy

Table 2 summarizes the results and presents the
normalized WER across the evaluated models. In the
Whisper family, Whisper Large generally achieved
the lowest error rates and consistently outperformed
all other models, with lowest WERs of 22.3% in
Briefings (2) and 25.7% in Decision-making and
situational communication (5), as displayed in Figure
2. In the Wav2Vec family, MMS and XLSR-German
provided comparatively lower error rates than XLSR-
Multilingual and XLSR-English in those categories as
well, but the overall error levels remain substantially
higher than those of the Whisper models. XLSR-
English, on the other hand, performed strongest for
Checklists (1) (75.7%), within the Wav2Vec models.
In Aircraft Handling (3) and Flight Path Management
(4) all Wav2Vec models showed high error rates
above 88%, with XLSR-German performing compar-
atively best, followed by the multilingual models and
XLSR-English performing the worst, again all showing
higher WERs than both Whisper model variants. In
the category of Abnormal and emergency proce-
dures (6), the multilingual Wav2Vec models differed
more. MMS achieved the lowest error rate at 74.7%,

FIG 1. Mean normalized WER (%) for all categories
pooled over all models

followed by XLSR-English, while XLSR-Multilingual
showed the highest at 85.0%.
Category-wise, Briefings (2) presented as the most
accurately transcribed communication category
aggregated over all models, followed by Decision-
making and situational communication (5), as can be
seen in Figure 1. Checklists (1) and Abnormal and
emergency procedures (6) also showed strong results
for Whisper Large, but presented bigger differences
in model performance for the Wav2Vec models.
Aircraft handling (3) and Navigation and Flight Path
Management (4) exhibited the highest error rates over
all models.

4.2. Robustness

Across categories, Whisper models demonstrated
overall lowest WERs. However, this performance at
the average level was accompanied by considerably
high variability, as can be seen in Figure 2. SDs for
Whisper sometimes even exceeded 40%, showing
that while many utterances were transcribed with high
accuracy, others resulted in severe errors. In contrast,
the XLSR models, particularly the multilingual vari-
ant, consistently showed lower variation (SD mostly
around 10–15%), reflecting more stable performance
across utterances. MMS consistently performed
worse than the Whisper models in terms of accuracy,
while at the same time exhibiting substantially higher
SDs than the XLSR variants.
Whispers fluctuations are further reflected in the
following example. In several instances, Whisper
models produced repetitions or hallucinations, where
a briefly present cue in the audio was expanded
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FIG 2. Normalized mean WER (%) by communication category across all models (with SD)

into an extended sequence that did not occur in the
recording.

Reference: “Checklist. Before Takeoff,
Flight Controls. Checked [. . . ] 137, 137,
140, und Toga, Toga takeoff. [. . . ]”

Whisper Turbo: “B4 tagger, Flakadrolls
Checked [. . . ] 137, 137, 140 und Toga,
Toga, Toga, Toga, Toga [. . . ]”
WER (whole segment): 241.1%
WER w.o. Hallucination: 45.5%

The repetitive expansion of the token “Toga” is absent
from the reference and inflates segment-level WER.
While infrequent, such episodes explain a non-trivial
share of the observed outliers and the correspondingly
elevated standard deviations in the Whisper results.

4.3. Multilingual Capability

Furthermore, as expected, the language-specific er-
rors of the German- and English-finetuned Wav2Vec
models are readily observable. For a German state-
ment, XLSR-German remains close to the reference,
whereas XLSR-English shows an English bias. For
an English phrase, the opposite pattern emerges.
The multilingual Wav2Vec models often perform
nearly as well as the language-finetuned variants
(e.g., here XLSR-German) and diverge less than
models fine-tuned on a different language (e.g., here
XLSR-English). The following excerpts illustrate these
patterns 11.

Reference: “Also einen Fakt möchte ich
noch mit einbringen [...]”

11WER is computed only for the displayed part of the segment, to
demonstrate the effect of deviation more clearly.

XLSR-German: “also ein fakt möchte
ich noch mit einbringen [...]”
WER: 12.5%

XLSR-English: “so in fact must not
in bring [...]”
WER: 100%

XLSR-Multilingual: “also einfach möchte
ich noch mit einbringen [...]”
WER: 25%

MMS: “also ein fakt michte ich noch
mit einbringen [...]”
WER: 25%

In mixed-language segments, the multilingual variants
sometimes manage the code-switch but often strug-
gle with selecting the appropriate language, which
frequently results in compounded tokens and non-
words. Hereby, MMS generally handles the switches
more reliably than the XLSR-Multilingual model,
which places it above XLSR-Multilingual among the
multilingual models but still below both Whisper
variants, as displayed in the example below11.

Reference: “[...] slats und flaps sind slow
und wir haben CAT 1 only [...]”

MMS: “[...] slats und flaps sin slow
und biharm cat 1 only [...]”
WER: 27.3%

XLSR-Multilingual: “[...] slats and
flapson slow und beham caton only [...]”
WER: 63.6%
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XLSR-German: “[...] slaps und flaps
sind slo und bhm kat vononli [...]”
WER: 63.6%

XLSR-English: “[...] slats on flaps in
slow unihan cat 1 only [...]”
WER: 45.5%

Whisper Large: “[...] slats und flaps
sind slow und wir haben CAT 1 only [...]”
WER: 0.0%

4.4. Computational Work

To complement the accuracy evaluation, we also
measured the average processing duration required
to transcribe a segment. The results are summa-
rized in Table 3. Among the Whisper models, Whisper
Turbo was the faster option (0.65 s), whereas Whisper
Large required considerably more time (1.86 s). The
MMS-1B model also achieved relatively low latency
(0.38 s). Within the XLSR family, the multilingual
variant proved especially efficient (0.20 s), clearly out-
performing the German (0.70 s) and English (0.78 s)
versions.

Model time
XLSR-German 0.70
XLSR-English 0.78
XLSR-Multilingual 0.20
MMS 0.38
Whisper Turbo 0.65
Whisper Large 1.86

TAB 3. Average times (s) for transcribing a segment
across ASR models.

5. DISCUSSION

5.1. Accuracy

The results show that Whisper Large consistently
achieved the lowest error rates across all categories
compared to the Wav2Vec-based models, demon-
strating comparatively strong performance across
different communication types, speakers, and noise
levels. When set against standard benchmarks how-
ever, the observed WER values appear high: Whisper
Large reaches only 5.7% WER on Common Voice
15 for German and 9.3% for English [22], whereas
the intra-cockpit results are in the range of 22–53%.
At the same time, these values are comparable
to zero-shot evaluations of Whisper Large on ATC
corpora, where WERs of 17.98% and 29.05% have
been reported after normalization [3]. MMS and
XLSR models also perform poorly in comparison to
general benchmarks, where WERs below 10% are
common [16], often exceeding 70–90%. This demon-
strates both the capabilities of the Whisper models

and the particular difficulty of cockpit speech, with its
mixed-language phraseology, noise, and disfluencies.
Furthermore, error rates are still strongly affected
by the handling of specialized terminology. Domain-
specific phrases that do not consist of words used
outside of aviation were often transcribed inaccu-
rately by all models. To address these limitations,
both model families can be fine-tuned to domain-
specific vocabularies. Whisper fine-tuning has been
shown to improve transcription accuracy for technical
terminology [23, 24]. For Wav2Vec-based models,
fine-tuning has demonstrated reductions in WER
across multiple domains, including low-resource and
noisy environments [16,25–27].

5.2. Robustness

While average accuracy provides one perspective,
the degree of variation across utterances highlights
another important aspects. Whisper models demon-
strated the lowest average WER, suggesting strong
robustness across different speakers and noise
conditions at the aggregate level. However, their
performance was characterized by high variability
and occasional severe errors, reflected in large stan-
dard deviations and extreme outliers. Related to this
phenomenon is another risk inherent to Whisper’s
encoder–decoder Transformer architecture with gen-
erative capabilities: it is prone to “hallucinations,”
where words or entire sentences are produced that
are not present in the input audio [23, 28]. Such
behavior was observed in the present study in the
form of repetitions and expansions of short cues into
long, incorrect sequences.
By contrast, the XLSR models, while not always
reaching Whisper’s best-case accuracy, showed
more stable performance with consistently lower vari-
ation across categories. Wav2Vec-based models are
also structurally less prone to generative errors. MMS
performance fell in between, with lower accuracy than
whisper but higher variability than the XLSR model
variants.
These findings suggest that model choice depends
on the application context. In safety-critical do-
mains, the more stable and non-generative nature of
Wav2Vec-based models may be preferable, whereas
in exploratory or less safety-critical contexts, such as
human factors research where inherent multilingual
capabilities and strong out-of-the-box accuracy are
valuable, Whisper may be the more suitable option.

5.3. Multilingual Capability

A further factor to consider is multilingual capability.
Whisper Large and Turbo are inherently multilin-
gual [22] and prove strong capabilities when the
spoken language is not predetermined, like in the
multilingual cockpit environment studied here. In
our examples, Whisper often managed multilin-
gual switches more successfully than the other
models, demonstrating its suitability for such mixed-
language scenarios. In contrast, although multilingual
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Wav2Vec variants such as XLSR-Multilingual and
MMS were also trained on multiple languages, they
demonstrated greater difficulty in distinguishing and
consistently transcribing mixed-language inputs. The
fine-tuned monolingual models performed better in
their trained language: XLSR-English achieved the
best results on English-dominated Checklists, while
XLSR-German performed better on predominantly
German heavy categories like Briefings, even though
MMS sometimes outperformed it in those categories,
since they still include English aviation terms. This
suggests that a two-step pipeline with automatic lan-
guage identification followed by transcription using a
language-specific model could improve the accuracy
in transcription for Wav2Vec models. Even though
Whisper already fulfills this requirement, it sometimes
introduces automatic translation in longer segments,
which can drastically reduce accuracy, as noted in
other studies [23].

5.4. Computational Work

Lastly the practical application of Whisper, Wav2Vec2,
MMS models raises questions regarding efficiency.
Benchmarks indicate that Whisper models, despite
offering strong zero-shot generalization, are rela-
tively resource-intensive due to their transformer
encoder–decoder architecture, with inference latency
scaling with model size [12]. The results regarding
the computational work, presented in Section 4.4,
highlight the trade-off between model size and la-
tency, with lighter architectures such as Whisper-turbo
providing substantial efficiency gains relative to larger
configurations such as Whisper Large. For efficient
inference, various model adaptation methods have
been used in conjunction with Whisper [13–15]. Over-
all, Whisper Large tends to provide better accuracy
and multilingual coverage but at higher computational
cost, whereas Whisper Turbo model is often more
efficient for real-time transcription, while preserving a
good transcription accuracy.

6. LIMITATIONS & FUTURE WORK

This study has several limitations that should be ac-
knowledged. The first limitation concerns the dataset.
Here, the speech data consisted exclusively of male
speakers, which means the findings may not general-
ize to female voices or to a more diverse set of speak-
ers. Moreover, the distribution of utterances across
the different communication categories was not bal-
anced, which may have biased performance compar-
isons and the data was collected exclusively in sim-
ulator environments, which may not fully capture the
acoustic and operational characteristics of real-world
cockpit communication. Furthermore, the recordings
originated from different simulator setups, introducing
variations in audio quality and background noise that
may have influenced the observed error rates.
To better capture the performance over a more di-
verse speaker set and noise levels and to enable

training of specialized ASR models, future work could
focus on the creation and recording of a dedicated
dataset. Such a dataset should employ a unified and
standardized recording setup that closely reflects real
cockpit acoustics while including diverse speakers of
different ages, genders, and accents. Each audio file
should hereby contain only one complete statement or
phrase of operational relevance. To further enhance
robustness, the dataset should systematically include
variations in background noise levels and conditions.
Furthermore, it could also deliberately include typical
communication occurrences like overlaps, hesita-
tions, disfluencies, and less distinct pronunciations,
that reflect operational communication. Accordingly,
fine-tuning existing models on aviation-specific data
represents a key next step for improving the handling
of technical terminology and reducing error rates.
In addition to dataset limitations, the scope of this
study was restricted to a limited set of ASR archi-
tectures. While Whisper, Wav2Vec2, and MMS
capture important families of current approaches,
future work should extend the evaluation to additional
architectures such as HuBERT [29], WavLM [30],
SEW/SEW-D [31, 32], and VoxTral [33] in order to
obtain a more comprehensive picture of strengths and
weaknesses across design paradigms. Finally, all
utterances were weighted equally in the evaluation,
meaning that longer and more complex phrases were
treated the same as shorter ones. Future analyses
could account for utterance length or operational
criticality to provide more nuanced insights.

7. CONCLUSION

In conclusion, this paper provided a systematic evalu-
ation of openly available ASR models for intra-cockpit
pilot communication from an application-oriented
perspective. By examining different Whisper and
Wav2Vec 2.0-XLSR variants, as well as MMS on a
dataset of simulator recordings, we demonstrated
how models pretrained on general, non-domain
specific audio data perform in this setting without
additional adaptation.
The results showed that Whisper Large consistently
achieved the lowest error rates, but it was also
prone to variability and occasional hallucinations.
Wav2Vec-XLSR models were less accurate overall
but displayed more stable behavior without genera-
tive errors. Whisper further proved most capable in
handling multilingual exchanges and code-switching,
whereas language-finetuned Wav2Vec models per-
formed comparatively better only when the spoken
language matched their training, and multilingual
variants struggled more with mixed-language input.
In terms of computational efficiency, Whisper Turbo
provided a practical balance between speed and
accuracy, while Whisper Large required considerably
more processing time.
Taken together, these findings highlight important
trade-offs between accuracy, robustness, multilingual
capability, and computational efficiency. They also
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underline that current models, while already useful for
human factors research and exploratory applications,
still fall short of the reliability required for direct opera-
tional use in safety-critical environments. Future work
should therefore explore domain-specific fine-tuning,
targeted handling of aviation terminology, and hybrid
pipelines that combine automatic language identifica-
tion with specialized ASR models. These steps will
be essential for moving from proof-of-concept tran-
scription towards robust integration of ASR in cockpit
workflows and, ultimately, for enabling speech-based
interaction in future HAT concepts.

Contact address:

sarah.ternus@dlr.de
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