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Abstract. We present a domain adaptation study of Whisper models for au-
tomatic speech recognition (ASR) of cockpit speech. The task is characterized
by several significant challenges, including domain-specific aviation vocabulary,
code-switching between German and English, short command-like utterances,
and acoustic conditions that differ substantially from those represented in the
large-scale pretraining data of general ASR models. A corpus of approximately
180 minutes of cockpit recordings was collected and manually annotated by na-
tive speakers with an aviation background. The data were split into training and
test sets and evaluated using the Whisper model family. The effect of transcript
normalization on word error rate (WER) was examined, and a set of normaliza-
tion schemes was proposed to reduce mismatches between reference and pre-
dicted transcripts. The Whisper Large-v3 model was fine-tuned using parameter-
efficient Low-Rank Adaptation (LoRA), reducing WER from 57.61% to 24.90%
through fine-tuning and the proposed transcript normalization scheme. To im-
prove robustness under limited data, waveform-level augmentation methods were
further applied, including jittering, time warping, window slicing, window warp-
ing, scaling, and magnitude warping. Fine-tuning on the augmented training set
provided an additional WER reduction of approximately 3–4% on the held-out
test set. These results show that careful normalization, parameter-efficient fine-
tuning, and simple audio augmentation can substantially improve Whisper-based
ASR in low-resource, domain-specific cockpit speech settings.

1 Introduction

Automatic Speech Recognition (ASR), the task of transforming audio signals into text,
plays a central role in natural language processing [6]. Speech signals vary substan-
tially across speakers, accents, speaking rate, recording conditions, background noise,
and conversational context, which makes ASR a difficult problem in practice [6]. ASR
has been used in applications such as automatic call handling [11] and personalized AI
assistants [31]. Conventional ASR systems are usually built as a pipeline of acoustic
feature extraction, acoustic modeling, language modeling, and decoding, often formu-
lated through Bayes’ decision rule [4,40,33,15]. Deep learning has changed both acous-
tic and language modeling, and has gradually led to end-to-end ASR models that learn
much of this pipeline jointly [19,5,7,1,3,41].
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Publicly available datasets such as LibriSpeech [35], Common Voice [2], and Speech-
Stew [8] have been important for training and evaluating modern ASR systems. Still,
the growth in model size has often outpaced the amount of carefully labeled speech data
available for many domains, leaving models prone to overfitting and weak generaliza-
tion under distribution shift [17]. This limitation has motivated the use of large-scale
unlabeled or weakly labeled speech corpora, including BigSSL [50], GigaSpeech [10],
and People’s Speech [16]. Among recent ASR models, OpenAI’s Whisper [41] is no-
table for its large-scale weakly supervised training on 680,000 hours of multilingual
and multitask speech data, which gives it strong generalization across many languages
and recording conditions [12].

While Whisper and other ASR models, including Wav2Vec [3], SpeechStew [8],
and DeepSpeech [1], perform well on general speech data, their accuracy can degrade
in domain-specific settings [49]. Fine-tuning adapts a pre-trained model to a target
dataset and has become a practical way to improve ASR performance under such condi-
tions [46,9]. It has been effective in specialized domains and in low-resource languages.
For instance, fine-tuning Whisper for Nepali speech produced substantial reductions in
Word Error Rate (WER), with improvements of up to 36.2% for the small model [45].

Data augmentation offers a complementary way to improve robustness when labeled
speech is limited. Rather than collecting and transcribing new recordings, augmen-
tation creates additional label-preserving training examples from existing audio [37].
Prior work has explored augmentation for low-resource speech recognition [25,42],
vocal tract length perturbation [24], noise injection by mixing clean and noisy sig-
nals [18], speed perturbation on raw audio [27], and simulated room acoustics for far-
field ASR [26]. More recent work has further extended augmentation to neural ASR
settings through feature-space transformations such as time and frequency masking in
SpecAugment [37], as well as mixup-based augmentation for low-resource end-to-end
ASR [32]. Related ideas have also been studied for keyword spotting [43] and multi-
stream ASR training [30].

In aviation, ASR has been widely studied for Air Traffic Control (ATC) communica-
tion. Domain-specific models such as Whisper-ATC have achieved WER values as low
as 1.17% on ATCOSIM simulated data and up to 60% relative improvement through re-
gional fine-tuning [12]. Intra-cockpit communication between pilots, however, remains
less explored, especially in the context of fine-tuning large pre-trained ASR models. Re-
cent cockpit-focused studies have begun to benchmark and fine-tune modern ASR sys-
tems for multilingual pilot communication [34,48]. Earlier studies considered Hidden
Markov Model based transcription systems for cockpit conversations [47,36]. Accurate
transcription of cockpit speech can support human factors research, help analyze team-
work and decision-making, and provide a basis for future speech-driven cockpit assis-
tance systems. The cockpit setting remains difficult, as it contains overlapping speech,
multilingual exchanges, high noise levels, short command-like utterances, and use-case
specific vocabulary.

Early resources such as the ATCOSIM corpus provided clean ATC speech from
simulation environments and highlighted the need for domain-specific corpora in avia-
tion speech processing [20]. More recent work has introduced larger ATC datasets and
benchmarks, including ATCO2 and related ASR benchmarks, which address challenges



such as accented speech, noisy VHF channels, limited in-domain supervision, callsign
recognition, and domain-specific phraseology [52,51]. The Airbus ATC speech recog-
nition challenge further showed that pilot and controller speech differ in difficulty, with
pilot speech being notably harder to transcribe than controller speech [38]. Other stud-
ies have explored the use of contextual and operational knowledge for ATC speech pro-
cessing, including speaker-role identification, command extraction, and assistant-based
speech recognition systems for controller support [39,44].

Air-traffic communication follows a highly constrained radiotelephony style, where
standard phraseology is used to reduce ambiguity and improve mutual understanding
between pilots and controllers [22]. Typical conventions include the use of aircraft call
signs, concise controller instructions, pilot readbacks, standardized words for clear-
ances and instructions, and careful pronunciation of letters and numbers. Readback is
particularly important for safety-critical information such as runway assignments, alti-
tude clearances, headings, and route instructions, since it allows the controller and pilot
to verify that the instruction was correctly received [14]. Prior safety studies also iden-
tify call-sign confusion, simultaneous transmissions, radio interference, and deviations
from standard phraseology as recurring issues in air-ground communication [13]. These
conventions make aviation speech different from ordinary conversational speech: utter-
ances are often short, formulaic, number-heavy, and strongly dependent on operational
context.

Although our work focuses on intra-cockpit speech rather than controller–pilot ra-
dio communication, several of these conventions remain relevant. Cockpit briefings and
checklist interactions contain callouts, confirmations, aviation abbreviations, ICAO al-
phabet terms, procedural commands, and readback-like responses between crew mem-
bers. Moreover, multilingual cockpit communication may mix English aviation phrase-
ology with German conversational or explanatory speech. This combination creates a
difficult ASR setting, where the model must preserve the spoken language, avoid un-
intended translation, and correctly recognize domain-specific terms that may be rare in
general speech corpora.

To address these challenges, we explore the fine-tuning of Whisper models for mul-
tilingual pilot communication in the cockpit. We use the Hugging Face fine-tuning
pipeline and evaluate different Whisper model variants under cockpit-specific scenar-
ios. Our study examines the role of transcript normalization, proposes aviation-aware
normalization schemes for reliable WER computation, and investigates waveform-level
data augmentation, including jittering, time warping, window slicing, window warping,
magnitude warping, and scaling, to improve robustness under limited labeled data. The
goal is to provide a practical account of adapting Whisper to intra-cockpit ASR and to
establish a baseline for future speech recognition systems in this domain.

2 Methodology

2.1 Dataset

The dataset used in this study was collected from cockpit simulator recordings and pi-
lot interview recordings. The cockpit recordings cover several operational situations
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Fig. 1: Comparison of the original and window-warp augmented audio samples in the waveform
and spectrogram domains. The effective augmentation was applied between 7 and 10 seconds of
the audio, and the resulting spectral changes are highlighted by the red rectangle.

and were categorized into four scenario groups: takeoff scenarios, including the associ-
ated briefings and checklists; structured abnormal and emergency procedure execution
via the Electronic Centralized Aircraft Monitor (ECAM) or the Quick Reference Hand-
book (QRH); decision-making procedures based on FOR-DEC, a standardized aviation
decision-making model comprising Facts, Options, Risks and Benefits, Decision, Exe-
cution, and Check; and landing scenarios, including the associated briefings and check-
lists. The speech is multilingual, with German and English often appearing in the same
recording and mixing both languages, which reflects the way German pilots communi-
cate in operational settings.

The cockpit data contains approximately 180 minutes of conversations between pi-
lots. The original cockpit videos were first converted into audio files. The audio signals
were segmented into clips of up to 30 seconds. To avoid truncating spoken words, seg-
mentation was performed via a script that identified points of silence to establish split
boundaries. Finally, the segments were resampled to 16 kHz to align with the input re-
quirements of the Whisper models. Manual transcripts were prepared for all recordings
and used as ground-truth references for evaluation and fine-tuning. The resulting dataset
was split into a training and test datasets with 80:20 split ratio.

2.2 Evaluation Metrics

We evaluate transcription accuracy using Word Error Rate (WER) and Character Error
Rate (CER). WER is the standard metric for ASR evaluation and measures the edit
distance between the predicted transcript and the reference transcript at the word level:

WER =
S +D + I

N
, (1)



Table 1: WER(↓) and CER(↓) (%) of the pre-trained Whisper model family under different tran-
script normalization schemes on the held-out test set. Most normalization schemes substantially
reduce transcription errors compared with evaluation without normalization.

Tiny Base Small Medium Turbo Large

Normalizer WER CER WER CER WER CER WER CER WER CER WER CER

No-norm 120.09 84.33 94.98 63.35 62.87 40.37 55.86 34.65 53.75 31.24 57.61 34.40
Basic 98.56 71.78 86.96 59.41 52.67 36.75 42.23 30.66 40.07 27.23 46.13 31.62
Number 119.92 84.01 95.00 63.29 62.91 40.42 55.91 34.68 53.75 31.29 57.59 34.47
English 97.85 71.16 86.98 59.32 52.55 36.83 42.05 30.63 39.95 27.27 45.87 31.69
Proposed I 98.73 73.01 86.96 60.43 52.48 36.95 41.98 30.49 40.35 27.23 46.05 31.56
Proposed II 98.89 72.39 87.13 60.32 52.43 36.97 41.91 30.49 40.25 27.46 45.29 31.76
Proposed III 98.41 72.28 86.83 60.23 52.26 36.91 41.67 30.37 40.11 27.20 45.65 31.60

where S denotes the number of substitutions, D the number of deletions, I the number
of insertions, and N the total number of words in the reference transcript. A lower WER
indicates better transcription performance. CER computation follows similar mecha-
nism as WER, with a distinction of character substitutions, deletions, and insertions
were counted in place of words.

2.3 Transcript Normalization

Post-transcription normalization is an important part of the evaluation pipeline, since
small formatting differences may otherwise be counted as recognition errors. This is
particularly relevant in cockpit conversations, where the same spoken content may ap-
pear in different written forms. For example, aviation expressions, numbers, compound
words, and ICAO alphabet terms can lead to mismatches between the predicted and
reference transcripts even when the intended transcription is largely correct.

We compare several normalization schemes. The basic normalizer lowercases text
and removes special characters. The number normalizer converts spoken or written
numeric forms into a common representation. The English normalizer combines text,
spelling, and number normalization. In addition to these standard normalizers, we in-
troduce a custom normalization scheme, referred to as Proposed I normalization. This
scheme includes processing for punctuation, spelling, and number-related variants, and
adds cockpit-specific transformations. In particular, it converts ICAO alphabet terms
into their corresponding standard letters, for example converting “DELTA” into “D”. It
also removes selected filler words and normalizes compound expressions so that forms
such as “take-off”, “takeoff”, and “take off” are treated consistently. The novel Pro-
posed II normalization applies Proposed I first, followed by the English normalizer.
Proposed III applies the English normalizer first, followed by Proposed I.

2.4 Waveform-level Data Augmentation

Data augmentation is used to increase the effective size of the training set and improve
robustness under limited labeled data. This is a common strategy in ASR, especially



when collecting and manually transcribing additional speech is expensive. Data aug-
mentation methods for speech expose the model to small variations in timing, ampli-
tude, frequency, and acoustic structure, while preserving the transcript label. In this
work, we apply augmentation at the waveform level before Whisper feature extraction.
The methods used in this paper differ from SpecAugment-style methods, which operate
directly on log-mel spectrograms by masking or warping time and frequency regions
[37]. An example of the window warp augmentation can be observed in Figure 1.

We apply six waveform-level augmentations before Whisper feature extraction,
which are adapted techniques from the survey conducted by Iwana and Uchida [23],
which evaluates data augmentation approaches for time-series data. A detailed descrip-
tion and illustrative examples of each of the six waveform-level augmentations can be
found at the appendix.

– Jittering: Gaussian noise with σ = 0.002 is added to the waveform to mimic mild
background noise and recording artifacts.

– Scaling: waveform amplitude is multiplied by a random factor with σ = 0.1, rep-
resenting variations in speaker loudness, microphone gain, and recording distance.

– Time warping: the temporal axis is smoothly deformed using a cubic spline with
σ = 0.15 and 4 knots, introducing local variations in speaking rate and pitch.

– Magnitude warping: the signal amplitude is smoothly varied over time using a
cubic spline with σ = 0.15 and 4 knots, modelling gradual loudness changes within
an utterance.

– Window slicing: a 90% temporal segment of the waveform is selected and resam-
pled to the original length, introducing moderate temporal variation while preserv-
ing the transcript label.

– Window warping: a local window covering 8% of the waveform is stretched or
compressed using scales from {0.7, 1.2, 1.5}, while the final signal length is kept
fixed.

The augmented samples are used solely for training, while the test set remains un-
changed, ensuring that the reported WER reflects generalization to the original cockpit
speech distribution.

2.5 LoRA Fine-tuning

The fine-tuning stage adapts pre-trained Whisper models to the cockpit speech do-
main using the prepared audio-transcript pairs. We use the Hugging Face Transformers
framework for model loading, feature extraction, tokenization, training, and evaluation.
For each audio segment, log-mel spectrogram features are computed using the Whisper
feature extractor, while the corresponding transcript is converted into token labels using
the Whisper tokenizer. A data collator is used to pad the input features and token labels
appropriately during batch training.

In the place of full model fine-tuning, we use Low-Rank Adaptation (LoRA) [21].
LoRA updates only a small set of additional trainable parameters (a.k.a. adapters) while
keeping the pre-trained model parameters fixed. Post-training inference involves joint
evaluation with both adapters and pre-trained model. This is useful in our setting be-
cause the available labeled cockpit speech data is limited, and full fine-tuning of large
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Fig. 2: Overview of the proposed aviation-domain ASR framework, combining waveform-level
data augmentation, aviation-specific transcript normalization, and LoRA fine-tuning of Whisper.
The proposed approach reduces WER from 57.61% to 24.90%, with augmented training provid-
ing a further 3–4% reduction.

Whisper models can be computationally expensive and more prone to overfitting. LoRA
therefore provides a parameter-efficient method to adapt Whisper to cockpit-specific vo-
cabulary, multilingual utterances, and acoustic conditions. Fine-tuning was performed
on an NVIDIA Tesla V100 GPU. We tested learning rates from {1e−5, 1e−4, 1e−3} and
availed early stopping criterion while finetuning to avoid overfitting and training diver-
gence. Across the tested models, LoRA introduces only about 0.8% to 1.6% additional
trainable parameters, while still allowing the model to adapt to the target domain.

3 Experimental Results

In this section, we report the transcription performance of Whisper models on cockpit
and pilot speech recordings. Figure 2 summarizes the proposed aviation-domain ASR
framework, which combines waveform-level data augmentation, aviation-specific tran-
script normalization, and LoRA fine-tuning of Whisper. The framework is evaluated
against pre-trained Whisper models and existing normalization schemes3.

3.1 Baseline Results

The audio files from the five scenarios were transcribed using the pre-trained multilin-
gual Whisper models. The predictions were compared against the manually prepared
reference transcripts using WER and CER and shown in the first row of Table 1. The
results show that the smaller Whisper models are not sufficiently robust for this domain
without adaptation. Whisper Tiny model obtain WER values exceeding 100% in some
cases. This is not unusual in difficult ASR settings, since WER is not upper bounded
by 100% when insertions or deletions dominate. The Small and Medium models pro-
vide a clear improvement over Tiny and Base, with average WER values in the range of

3 This figure was generated with the assistance of generative AI tools and was subsequently
reviewed, edited, and finalized by the authors.



Table 2: WER(↓) (%) of Whisper Large after LoRA fine-tuning with different waveform-level
augmentation methods under each transcript normalization scheme. Best-performing method for
each normalizer highlighted in bold.

Without augmentation LoRA fine-tuning with augmentation

Normalizer Pre-trained Fine-tuned All aug Window warp Jittering Magnitude warp Window slicing Time warp Scaling

No-norm 57.61 37.50 33.82 33.44 33.61 33.90 34.35 34.55 34.00
Basic 46.13 25.39 21.69 21.45 21.63 21.76 22.02 22.25 21.93
English 45.87 25.37 21.55 21.29 21.46 21.57 21.97 22.10 21.81
Proposed I 46.05 25.08 21.40 21.14 21.36 21.43 21.97 21.91 21.58
Proposed II 45.29 24.90 21.17 21.06 20.96 21.09 21.64 21.59 21.32
Proposed III 45.65 24.93 21.28 21.03 21.06 21.05 21.70 21.76 21.35

Table 3: WER(↓) (%) of Whisper Turbo after LoRA fine-tuning with different waveform-level
augmentation methods under each transcript normalization scheme. Best-performing method for
each normalizer highlighted in bold.

Without augmentation LoRA fine-tuning with augmentation

Normalizer Pre-trained Fine-tuned All aug Window warp Jittering Magnitude warp Window slicing Time warp Scaling

No-norm 53.75 39.72 36.05 34.34 34.22 34.60 34.10 37.45 48.62
Basic 40.07 26.86 23.56 21.71 22.19 22.21 21.89 24.89 35.45
English 39.95 26.78 23.52 21.75 22.09 22.18 21.95 24.83 35.30
Proposed I 40.35 26.87 23.52 21.70 22.12 22.18 21.85 24.54 38.40
Proposed II 40.25 26.46 23.22 21.58 22.07 22.04 21.81 24.29 38.35
Proposed III 40.11 26.60 23.39 21.59 22.01 21.98 21.74 24.38 38.18

55-63% without any normalization. Whisper Turbo achieves a mean WER of 53.75%,
while Whisper Large-v3, referred to as Large in the following, obtains 57.61% WER.
Although the larger models perform better, the baseline error rates remain high. This
suggests that general-purpose Whisper models, even when trained on large-scale mul-
tilingual data, do not directly transfer well to intra-cockpit communication. The results
motivate the need for domain adaptation using model finetuning and transcript normal-
ization.

3.2 Effect of Transcript Normalization

Table 1 compares the normalization schemes considered in this work. The raw Whisper
output, denoted as no-normalization, gives the highest WER. The basic normalization
scheme alone improves the WER by 10-20%, showing the necessecity of normalization.
The number normalization alone has very little effect on WER since it handles only
numericals, which are not often used in conversations. The English normalizer gives
the best performance among the standard normalization schemes. This indicates that
spelling, number, and text-level normalization reduce a meaningful part of the measured
error. The proposed normalization schemes Proposed II and Proposed III obtain the
lowest WER for most Whisper models.

3.3 Effect of LoRA Fine-tuning and Normalization

The ASR results obtained after fine-tuning Whisper Large and Whisper Turbo are
shown in Tables 2 and 3. Only a small fraction of the model parameters is updated



during LoRA fine-tuning. For Whisper Turbo, fine-tuning introduces 6, 553, 600 train-
able parameters, corresponding to approximately 0.8% of the total 815, 431, 680 pa-
rameters. Despite this limited number of trainable parameters, the WER decreases from
53.75% to 39.72% without transcript normalization. For Whisper Large, fine-tuning re-
duces the WER from 57.61% to 37.50%. Normalization and fine-tuning are individually
useful, but their combination gives the largest improvement. For the pre-trained Whis-
per Large model, WER decreases from 57.61% without normalization to 24.90% with
Proposed II normalization. A similar trend is observed for Whisper Turbo. The WER
decreases from 53.75% for the pre-trained model without normalization to 26.46% after
LoRA fine-tuning with Proposed II normalization. The best results are obtained when
the model is first adapted to the cockpit speech with finetuning and the resulting tran-
scripts are then evaluated using a normalization scheme that reflects the conventions of
cockpit communication.

3.4 Effect of Waveform-level Data Augmentation

The augmented training dataset is created using transformations such as jittering, scal-
ing, magnitude warping, time warping, window slicing, and window warping. The
test set is kept unchanged, so the reported improvements reflect generalization to the
original cockpit speech distribution. Across the augmentation experiments, LoRA fine-
tuning with augmented data gives reduction in WER in most cases compared with the
corresponding fine-tuned baselines. In Table 2, with Whisper Large models, the best
configuration reduces WER from 24.90% to 20.96% with Proposed II normalization,
corresponding to a WER reduction of 3.94% using jittering data augmentation method.
In the case of Whisper Turbo Model, Table 3, the WER decreases from 26.46% to
21.58% with Proposed II normalization, showcasing 4.88% WER reduction with win-
dow warp augmentation method.

Among the different data augmentation methods employed, Window warping gives
the best or near-best performance for most normalization schemes, while jittering gives
the lowest WER for Proposed II normalization for Whisper Large model. In contrast,
window slicing, time warping, and scaling are slightly less effective, but still provide
clear improvements over the non-augmented fine-tuned baseline. For Whisper Turbo,
window warping provides the best WER for most normalizers, while window slicing
gives the best result with raw transcripts. Jittering and magnitude warping also yield
competitive performance, whereas time warping gives smaller gains. Scaling is notably
less stable for Whisper Turbo and increases the WER substantially compared with the
non-augmented fine-tuned Whisper Turbo model.

3.5 Error Analysis: Multilingual Speech and Phonetic Confusions

In addition to aggregate WER values, we analyze representative transcription errors to
better understand the limitations of Whisper language models for cockpit ASR. Two
recurring error types are observed: unintended translation in multilingual speech and
substitutions caused by close phonetic similarity. Table 4 shows examples where the
model translates German or mixed German-English utterances into English rather than
preserving the original spoken form. For example, Gut is transcribed as Good, and



Table 4: Examples of unintended translation in ASR output. The reference contains German or
mixed German-English speech, while the prediction is partially or fully translated into English.

Reference Prediction

Ist confirmed That was confirmed
Gut Good
Blaues system ist natürlich verloren The blue system is of course lost
daraufhin ein spoiler-pair then a spoiler pair

Blaues system ist natürlich verloren is rendered as The blue system is of course lost.
While such outputs may preserve part of the semantic meaning, they are still incorrect
for verbatim ASR evaluation. Table 5 presents cases where the predicted text is pho-
netically close to the reference but still incorrect. Examples include read status being
recognized as wave status, slats low as sled low, and CAT3 single as cut three single.
These errors suggest that the model often captures the acoustic pattern of the utterance
but fails to map it to the correct aviation term.

The effect of fine-tuning on transcription accuracy is further illustrated through the
qualitative example presented below. The pre-trained Whisper Turbo failed to transcribe
the utterance from the second pilot, who said “ja habe ich die auch gemacht landing
performance moment ich muss nochmal kurz suchen wo ich es aufgeschrieben habe da
unten”, resulting in a WER of 41%. In contrast, the fine-tuned Whisper Turbo was able
to transcribe the complete utterance, resulting in near-perfect transcription accuracy.

Reference: “ah landing performance fur zurich hast du wahrscheinlich auch
schon durch das sollte kein problem sein mit dem gewicht ja habe ich die auch
gemacht landing performance moment ich muss nochmal kurz suchen wo ich
es aufgeschrieben habe da unten so wir haben also mit flaps 3 71 tonnen und
airport elevation 1500 haben wir eine landing distance”

o Pre-trained Whisper Turbo Prediction: “landing performance fur zurich
hast du wahrscheinlich auch schon durch das sollte kein problem sein mit dem
gewicht so wir haben also mit flaps tri 71 tonnen und airport elevation 1500
haben wir einen landing distance”

Finetuned Whisper Turbo Prediction: “ah landing performance fur zurich
hast du wahrscheinlich auch schon durch das sollte kein problem sein mit dem
gewicht ja habe ich die auch gemacht landing performance moment ich muss
nochmal kurz suchen wo ich es aufgeschrieben habe da unten so wir haben
also mit flaps 3 71 tonnen und airport elevation 1500 haben wir eine landing
distance”



Table 5: Examples of transcription errors caused by close phonetic similarity between the refer-
ence and prediction.

Reference Prediction

clear flight control okay, flight control
clear flight control flight control
read status wave status
slats low sled low
CAT3 single cut three single
Inop systems In-hub systems

3.6 LLM-based ASR Error Post-correction

We also explored whether the errors discussed in Section 3.5 could be reduced us-
ing LLM-based ASR post-correction, motivated by recent work on generative correc-
tion of ASR outputs [29,28]. We tested prompt-based correction of Whisper hypothe-
ses, prompts with aviation-specific context and vocabulary, and translation-based post-
processing where both hypotheses and references were translated into a common lan-
guage before computing WER. These approaches did not consistently improve perfor-
mance over the best normalization-based setting. In several cases, the LLM produced
more fluent text, but also paraphrased the utterance, translated multilingual speech, ex-
panded abbreviations, or replaced cockpit-specific terms with more common expres-
sions.

4 Discussion

Pre-trained Whisper models require domain adaptation for cockpit speech. Al-
though Whisper models are trained on large-scale multilingual data, the baseline results
show high WER on cockpit communication, indicating that cockpit ASR is not only a
general multilingual transcription problem, but also a domain adaptation problem in-
volving procedural speech, aviation vocabulary, multilingual switching, and challeng-
ing acoustic conditions.

Normalization is not merely a cosmetic post-processing step. The difference between
raw and normalized WER is large across several configurations. This shows that tran-
script formatting decisions can strongly affect measured ASR performance. For cockpit
speech, normalization plays cruicial role in computation of WER, since the same spoken
content may be written in several acceptable forms. ICAO alphabet terms, compound
words, filler words, and numeric expressions need to be handled consistently to avoid
counting formatting differences as recognition errors.

LoRA fine-tuning provides an efficient adaptation route. The fine-tuning results
show that training an additional 0.8–1.5% percent of the model parameters using a
small high quality labeled cockpit conversations can still provide meaningful WER re-
ductions, showcasing the advantages in small domain-specific ASR datasets, where full
fine-tuning may be computationally expensive and more prone to overfitting.



Fine-tuning and normalization have complementary effects. The strongest improve-
ments are obtained when LoRA fine-tuning is combined with an appropriate normaliza-
tion scheme. Fine-tuning improves the raw speech recognition capabilities of the Whis-
per model, while normalization reduces avoidable mismatches in evaluation. Finetuned
model produces more domain-relevant transcripts and the text-level inconsistencies are
corrected via systematic normalization.

Waveform augmentation improves robustness under limited data. Training on wave-
form augmented dataset gives an additional WER reduction of about 3–4%. Testing on
held-out original and un-augmented test dataset shows that, the trascription accuracy
gains indicate improved robustness to the natural variability of cockpit speech. The
results are consistent with the broader ASR studies stating that augmentation is partic-
ularly useful when labeled speech is limited.

4.1 Future Work

Though LoRA fine-tuning, transcript normalization, and waveform-level data augmen-
tation to expand training dataset substantially improve ASR performance, the transcrip-
tion of cockpit conversations needs further refinements to enable deployment in AI-
assistants for cockpit, improved analysis of communication between pilots, etc. An im-
portant direction to consider is to expand the training data, since the current dataset
is limited in duration and speaker diversity. Additional recordings with more speakers,
different accents, more acoustic conditions, and a wider range of cockpit procedures
would likely improve domain adaptation. More systematic augmentation policies, in
spectral-domain, can be considered for an additional degree of expanding the training
dataset. The evaluation protocol can be improved with emphasis on cockpit conver-
sations. Context-aware WER variants, semantic similarity measures, or task-specific
scoring methods that better reflect whether the intended operational meaning has been
preserved could make more impact on evaluation.

5 Conclusion

In this paper, the transcription of cockpit conversations using Whisper models was ex-
plored. To reduce unintended mismatches between reference and predicted transcripts,
domain-specific post-processing protocols were introduced to address ICAO alphabet
standardization, compound-word segmentation, and the removal of non-lexical fillers.
Fine-tuning the Whisper models using Low-Rank Adaptation, combined with the pro-
posed normalization schemes, reduced the WER from 53.75% for the pre-trained Whis-
per Turbo model without normalization to 24.46% for the fine-tuned Whisper Turbo
model using the Proposed II normalization scheme on the test dataset. Fine-tuning
on the waveform-augmented dataset provided an additional improvement, reducing the
normalized WER from 24.46% to 21.58% for Whisper Turbo. Future work will focus
on expanding the dataset and developing more robust evaluation frameworks.



Appendix

Waveform Data Augmentation

This section presents the selected augmentation techniques for time-series waveform
data. The chosen techniques are drawn from the survey conducted by Iwana and Uchida
[23], which evaluates data augmentation approaches for time-series data. The focus here
is on transformation-based methods that operate independently of complex assump-
tions, such as the similarity scores. Illustrative examples of each technique are provided
at the end of the section.

Jittering Jittering is an augmentation technique that introduces Gaussian noise into
the time-series data. The degree of noise added is controlled by an adjustable hyperpa-
rameter, specifically the standard deviation of the Gaussian distribution. By modifying
this parameter, the intensity of perturbations applied to the original time-series can be
adjusted.

Scaling The scaling operation alters the magnitude of a time-series. A random scal-
ing factor is drawn from a Gaussian distribution with a mean of one. To apply this
transformation, the mean of the time-series is first subtracted from all values, ensuring
that scaling is applied relative to a zero-centered baseline. The data is then multiplied
by the scaling factor, and the original mean is subsequently added back. If the scaling
factor is less than one, values above the mean decrease while values below the mean in-
crease, effectively compressing the range. Conversely, when the scaling factor is greater
than one, the variation in magnitude is amplified. The primary hyperparameter for this
transformation is the standard deviation of the Gaussian distribution used to sample the
scaling factor.

Magnitude Warping Magnitude warping is a transformation that modifies the amplitude
of a time-series using a cubic spline. This spline is generated by randomly selecting a
set number of knots and connecting them smoothly. The original time-series is then
multiplied by the spline, causing variations in magnitude. When the spline values are
smaller than one, the augmented time-series exhibits a reduced magnitude compared to
the original. Conversely, when the spline values exceed one, the magnitude is increased.
The key hyperparameters for this transformation include the number of knots and the
standard deviation of the Gaussian distribution from which the knot values are drawn.

Window Slice Window slicing is a transformation that alters the time axis of a time-
series by selecting a consecutive segment and rescaling it to the original length. A win-
dow of a specified percentage of the original time-series is selected, with its starting
point chosen at random. This extracted segment is then interpolated back to the full
length of the original time-series, effectively modifying the temporal structure while
preserving the overall trend. The key hyperparameter for this augmentation is the win-
dow size percentage, which is typically set to 90%.



Window Warping A consecutive window of a specified percentage is extracted from
the time-series and then either stretched by a factor of two along the time axis or com-
pressed by a factor of 0.5. The remaining parts of the time-series are adjusted using
interpolation to ensure that the augmented sequence retains the same overall length as
the original. The primary hyperparameter for this transformation is the window size,
which we set to 8%.

Time Warping Time warping is a transformation that modifies the temporal structure of
a time-series without altering the magnitude of its values. Instead of adjusting ampli-
tude, this technique changes the time steps at which values appear. Similar to magnitude
warping, a cubic spline is generated using a predefined number of knots, which are ran-
domly sampled from a Gaussian distribution. In regions where the spline values are
below one, the time axis is stretched, causing data points to be spaced further apart.
Conversely, in areas where the spline values exceed one, the time axis is compressed,
resulting in a denser arrangement of data points. The primary hyperparameters for this
transformation are the number of knots and the standard deviation of the Gaussian dis-
tribution from which the knot values are drawn.

Jittering
original
augmented

Magnitude warping
original
augmented

Scaling
original
augmented

Time warping
original
augmented

Window slice
original
augmented

Window warping
original
augmented

Fig. 3: Time series wave form augmentations on example data
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