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Clear and accurate communication between air traffic controllers and pilots is critical for aviation operations. Automatic speech
recognition (ASR) can be used to improve both safety and operational efficiency by providing real-time transcription of air
traffic control (ATC) communications and enabling the detection of exchange errors. However, state-of-the-art pre-trained ASR
models, such as OpenAI’s Whisper, exhibit limited performance on ATC speech due to domain-specific phraseology, rapid
speech rates, diverse accents, and high levels of background noise. Fine-tuning Whisper using low-rank adaptation (LoRA)
can improve transcription accuracy on ATC communications while mitigating catastrophic forgetting of its general speech
recognition capabilities. This study examines how varying the LoRA rank parameter impacts the trade-off between the ability
to maintain the model’s overall performance in general domains and its ability to adapt to ATC-specific terminology. A publicly
accessible ATC dataset was used to fine-tune and evaluate the Whisper small English model at several different LoRA rank
values. The study indicates that a LoRA rank of 64 is a suitable compromise, as it significantly reduces the word error rate
(WER) for ATC communication by over 85%, from 137.2% to 18.8%, while increasing the LibriSpeech WER from 3.1% to 8.3%.

Keywords: Automatic Speech Recognition, Air Traffic Control Communication, Whisper Fine-Tuning, LoRA Rank
Optimization.

Introduction Controllers and pilots identify these characteristics as major
sources of communication errors*°. In fact, human factors
Accurate voice communication between air traffic controllers are major contributors to all types of aviation accidents’. A
and pilots is highly important to aviation safety and opera-  recent study reports that human factors contribute to about
tional efficiency. In order to maintain safe and orderly flight ~ 75% of aviation accidents and incidents around the world,
operations, air traffic controllers are required to deliver precise with nearly one-third being caused by a lack of effective com-
and unambiguous verbal instructions to pilOtS during all ﬂlght munication between pﬂots and controllers 8.
phases, including taxi, takeoff, cruise, approach, and land-
ing. Although the International Civil Aviation Organization
(ICAO) and the Federal Aviation Administration (FAA) have
published standardized procedures and language for air traffic
control (ATC) communications 2, both air traffic controllers
and pilots may sometimes deviate from these conventions and
use different expressions, especially in high-stress situations.
Controlled studies have identified several factors that could
negatively impact the accuracy of controller-pilot exchanges.
These include, for example, transmissions with four or more
information items, high pilot workload, and the absence of
prosodic cues such as pauses. The effect of missing prosodic
cues is particularly strong among non-native English-speaking
pilots3. Other studies have shown that accent, speech rate,
and information density also contribute to miscommunication.

These findings demonstrate the need for robust technologies
that can be used to improve the reliability of ATC communica-
tions. Accurate automatic speech recognition (ASR) models
can serve as decision-support tools for both controllers and pi-
lots by providing real-time transcription of voice communica-
tions. An ATC-trained ASR model can transcribe controller-
pilot speech and automatically extract operational informa-
tion such as call signs and runway numbers, as well as sup-
port conformance monitoring and controller training”. ASR-
based support tools have also been reported to cut the time
controllers spend entering and confirming clearances at their
workstations by approximately 20 percentage points'?. This
capability can help mitigate communication errors, improve
operational awareness, and offer an additional layer of redun-
dancy to support aviation safety.

! Carroll High School, Southlake, Texas ASR research dates back to the 1950s, when the work
> 8] oqe . . . 11 . .

2 Embry-Riddle Aeronautical University, Daytona Beach, Florida demonstrated the ability to recognize spoken digits . Within

* Email: codyli9219@ gmail.com the ATC domain, a variety of approaches have been studied.
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Early systems were developed based on hidden Markov mod-
els (HMMs) to perform ATC speech recognition '2. Later ap-
proaches used a hybrid HMM framework with a combination
of factorized time-delay neural networks (TDNN-F) and con-
volutional neural networks (CNNs). Using training data con-
sisting of over 170 hours of ATC speech collected from six
separate ATC corpora, the models were able to achieve an
average WER of 7.75% across four test sets'>. A survey of
the field identifies code-switching, variable speech rates, and
radio channel distortion as major challenges for spoken in-
struction understanding in ATC'4. Recent research has ex-
amined multiple techniques to overcome these issues. For
example, one study proposed a single convolutional-recurrent
model which was trained using a connectionist temporal clas-
sification objective for multilingual ATC recognition'>. An-
other study demonstrated that acoustic characteristics derived
directly from raw ATC waveform data yielded better perfor-
mance than handcrafted acoustic features when subjected to
radio channel distortion conditions '°. Finally, it has been
demonstrated that adapting language models using ATC in-
struction text can lead to improved results'7. A detailed re-
view of ATC corpora, models, and evaluation methods is also
available '8,

Among the ASR models evaluated for ATC communica-
tions, Whisper has emerged as a good candidate for this type
of application. Whisper is a family of ASR models devel-
oped by OpenAl and released in late 2022. It was trained
on 680,000 hours of weakly supervised multilingual and mul-
titask audio. In zero-shot evaluation, Whisper approached
human-level robustness to accents, background noise, and
technical language without any dataset-specific fine-tuning '°.
Research has been conducted on the potential use of Whis-
per as an ASR system for ATC speech recognition. The most
common method of evaluating the effectiveness of Whisper
for this purpose is full fine-tuning of the pre-trained model
on ATC communication corpora®?!. As shown in studies,
fine-tuning significantly improves the accuracy of transcripts
produced by Whisper. One study reported WERs of 13.5% on
the ATCO2 dataset and 1.17% on the ATCOSIM dataset, and
improved performance by up to 60% in real-world applica-
tions2°. Another study demonstrated that the WER for South-
east Asian-accented ATC speech reached 9.82% after accent-
based fine-tuning?'.

However, fully fine-tuning the entire Whisper model is
computationally intensive and typically requires a long pe-
riod of time for training. Also, fine-tuning all parameters in
the model on a comparatively small ATC-specific dataset may
lead to an increased risk of overfitting, thus limiting the gen-
eralization capabilities of the model when exposed to varied
accents, regions, and operational environments. Full fine-
tuning may also result in catastrophic forgetting, the well-
documented phenomenon in which previously acquired capa-

bilities are significantly degraded when the model is trained
sequentially on a new task?2. Therefore, to avoid this issue,
researchers have developed parameter-efficient fine-tuning
(PEFT) methods as a viable option for training models?3.
One widely used PEFT technique is called low-rank adap-
tation (LoRA). When LoRA is used, the pre-trained model
weights are frozen, and a set of trainable low-rank matrices
is introduced into the transformer layers. LoRA was shown
to reduce the number of trainable parameters for GPT-3 175B
by up to four orders of magnitude compared with full fine-
tuning 24 Quantized LoRA (QLoRA) is an extension of LoRA
that trains adapter layers over a 4-bit quantized base model.
This significantly reduces the amount of memory needed for
fine-tuning without a loss in performance when compared to
16-bit fine-tuning>. PEFT can help prevent catastrophic for-
getting in speech processing tasks; however, PEFT does not
always eliminate catastrophic forgetting. Bayesian regulariza-
tion of adapter layer parameters has been proposed to maintain
the information learned during pre-training%S.

When adapting a pre-trained large model using LoRA, the
value of the rank parameter is particularly important. The
rank parameter determines the number of additional trainable
parameters that will be included in the modified model af-
ter the adaptation process. Additionally, the rank parame-
ter has an impact on the trade-off between domain-specific
fine-tuning and preserving the broad generalization capabil-
ity of the pre-trained model. A direct comparison of LoRA
and full fine-tuning on programming and mathematics tasks
found that LoRA substantially underperforms full fine-tuning
at commonly used low ranks?’. As the rank of LoRA in-
creases, the performance difference between LoRA and full
fine-tuning becomes smaller, and for » = 256, LoRA’s per-
formance in some cases approaches that of full fine-tuning.
Another study tested several LoRA ranks on reasoning and
factual-recall question-answering tasks. It was observed that
no one rank performed optimally across all tasks; however, a
range of ranks (r = 32 — 64) performed better in multiple task

environments 28,

In the area of speech recognition, LoRA was used to adapt
Whisper for multilingual use and to expand its support for ad-
ditional languages. To reduce language interference and allow
for the addition of new languages, language-specific LoRA
modules were implemented in Whisper. The results indicated
that this method provided relative improvements of 18.5% for
multilingual ASR and 23.0% for language expansion when
compared to the baseline models, while requiring only approx-
imately 5% of the total training parameters as compared to
fine-tuning the entire model?®. A separate study indicated that
a combination of low-rank factorization and LoRA adapters
can reduce training resources by up to 90%, with similar
ASR performance’. LoRA has been utilized within the avi-
ation sector to transcribe controller-pilot communications us-
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ing Distil-Whisper3! and to provide transcription services for
multilingual cockpit speech using Whisper32. Both of these
studies focused on enhancing the accuracy of in-domain tran-
scription. However, neither study systematically investigated
the effect of LoRA rank on the trade-off between in-domain
adaptation and retention of the model’s general-domain capa-
bilities.

Despite its importance, the optimal selection of LoRA rank
for ATC-specific Whisper applications has received little re-
search attention. Previous studies have either adopted the full
fine-tuning approach, i.e., no LoRA was used?*2!, or applied
LoRA but without evaluating its rank selection against the
general speech recognition performance3!*2. To the best of
the authors’ knowledge, no prior research has empirically ex-
amined how LoRA rank influences the balance between adapt-
ing to an application-specific domain (ATC) and maintain-
ing the original speech recognition capabilities of Whisper for
general English. Additionally, the transferability of the bene-
fits associated with intermediate LoRA ranks from large text-
based language models to speech recognition models (which
have acoustic instead of lexical encoders) remains uninvesti-
gated. The existence of these gaps in current literature serves
as the primary rationale behind this study.

The main objective of this research is to examine the effect
of LoRA rank value on the capability of the Whisper small
English model to adapt to ATC communications. Note that
the Whisper small English model was chosen because it offers
a good balance between accuracy and the computational cost
of fine-tuning. We hypothesized that lower ranks would allow
the model to retain its pre-trained general speech recognition
abilities better than higher ranks; however, lower ranks would
be less capable of adapting to ATC-specific characteristics. In
contrast, higher ranks would allow for more effective ATC do-
main adaptation, but they might also lead to an increased risk
of overfitting or losing previously learned capabilities. These
competing effects suggest that an optimal LoRA rank may ex-
ist that helps to improve ATC speech recognition while pre-
serving the model’s general speech recognition capability.

The remainder of this paper is organized as follows. Section
II describes the methodology of this study, including the train-
ing and test datasets and the LoRA fine-tuning approach. Sec-
tion III presents the experimental results. Section IV discusses
the findings of this research. Section V provides a summary
and suggests areas of further investigation.

Methods

Datasets

The ability to obtain high-quality ATC speech datasets is still
a challenge in the field of aviation speech recognition re-
search. While there are some large-scale datasets available

(e.g., ATCO2), many ATC datasets require a license or pur-
chase, which can limit access for researchers. For this study,
we use a free-to-access dataset that combines publicly avail-
able portions of the UWB-ATCC corpus and the one-hour
ATCO?2 test subset.

The UWB-ATCC recordings were collected over Czech
airspace by the Air Navigation Services of the Czech Repub-
lic, and then manually transcribed by the University of West
Bohemia. This dataset consists primarily of English speech
with a Czech accent. Speakers are identified only as con-
trollers or pilots, and no information on age, gender, or iden-
tity is provided with the corpus33. The ATCO2 one-hour test
subset is a freely available portion of the manually transcribed
four-hour ATCO?2 test set and contains real ATC communi-
cations recorded over very high frequency (VHF) radio chan-
nels. The ATCO2 collection contains data recorded at several
different airports, including Sion, Bern, and Zurich in Switzer-
land. The speakers represented within the data are both native
and non-native English speakers. Therefore, the data exhibits
a large degree of variation in accent and operational acous-
tic environment. The one-hour subset of this data has been
made available to aid in the design, testing, and evaluation of
English ATC ASR systems>*. Both parent corpora represent
actual operational radio communications, as opposed to sim-
ulated or read speech. As such, they display many common
characteristics found in typical ATC communications, includ-
ing limited bandwidth, static, clipping, and variability in sig-
nal strength.

All audio in the consolidated dataset is single-channel and
sampled at 16 kHz, matching the input sampling rate re-
quired by Whisper. The combined dataset of UWB-ATCC and
ATCO2 samples is then randomly divided into training and
test sets. The resulting training and test sets contain 11,868
training samples (approximately 11.2 hours) and 2,927 test
samples (approximately 2.7 hours), and are hosted on Hug-
ging Face?.

To assess the retention of general speech recognition capa-
bility after domain-specific fine-tuning, the LibriSpeech test-
clean subset is used as a general speech recognition bench-
mark3®. LibriSpeech is composed of read audiobook speech.
The characteristics of LibriSpeech are significantly different
from those found in ATC communication in terms of vocab-
ulary, channel characteristics, and speaker style. LibriSpeech
therefore is used to indicate whether the ability of Whisper
to recognize English speech remains intact following ATC-
specific adaptation. The only portion of LibriSpeech utilized
in this study is the test-clean split, which contains 2,620 sam-
ples (approximately 5.4 hours) and is used to assess the effec-
tiveness of Whisper on an independent evaluation set. No Lib-
riSpeech data was used in the training process. The test-clean
split has become a common benchmark for evaluating ASR
performance %3¢, A disadvantage of utilizing the test-clean
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split is that it contains clean read speech. Therefore, it only
provides an assessment of general-domain retention in a rela-
tively favorable acoustic environment, and the WER obtained
from this split may not be representative of general-domain
retention more broadly. Performance on more challenging
general-domain speech, such as conversational or noisy audio,
is not evaluated in this study and is left for future work.

The analysis of the ATC dataset indicates that there is a
significantly larger number of short-duration clips than in the
LibriSpeech dataset. Figure 1(a) shows that some of the ATC
samples have a duration of only 1 second, while the me-
dian duration of the ATC samples is approximately 3.14 sec-
onds. This reflects the fact that short, abrupt utterances are
more common in ATC communications than in conventional
speech.
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Figure. 1 Histogram of sample durations in (a) the ATC dataset and
(b) the LibriSpeech test-clean dataset. The ATC dataset shown in
(a) contains 14,795 samples (13.9 hours), including 11,868 training
samples (11.2 hours) and 2,927 test samples (2.7 hours). The median
sample duration is 3.14 seconds, with only 44 samples longer than 8
seconds. In contrast, the LibriSpeech test-clean dataset shown in (b)
contains substantially longer samples, with a median duration of 5.8
seconds.

Upon examination of the original ATC data, it is evident that
there are several quality issues, including (1) typographical
errors, which include obvious misspellings that exist within

the reference text (e.g., “actualy,” “singarpoore,” “qality”); (2)

mistranscription, where specific phrases were incorrectly tran-
scribed (e.g., “cleared to land” was transcribed as “cleaned to
land”); and (3) segment truncation, where words located at
the beginning or end of a segment were truncated, and the
corresponding transcriptions were altered to match the trun-
cated segments. All of these issues are typical of label noise
in large-scale speech corpora.

Although manual cleanup could improve the quality of the
dataset, a complete cleanup will require experts with domain
knowledge to differentiate between transcription errors (such
as misidentification) and natural variations found within ATC
communications (e.g., different phraseologies, call-sign pro-
nunciations, accents), as well as the effects of degraded radio
audio. To avoid introducing reproducibility issues, the dataset
is used in its original form, as this study focuses on the ef-
fects of LoRA rank selection rather than the absolute WER
values. The presence of transcription noise can have an effect
on WER values and therefore must be accounted for when in-
terpreting the findings from this research. Systematic dataset
cleanup and evaluation of its impact are left for future work.

Word Error Rate

Word error rate (WER), which is a common metric used to
evaluate an ASR system’s performance, measures how much
of the ASR-produced output differs from the true or “correct”
reference transcript of what was spoken 83132 WER is for-
mally defined as

WER (%) = x 100 1)

[S +D+ 1}

where S represents the number of substitution errors (i.e.,
words misidentified as another word), D represents the num-
ber of deletion errors (i.e., words present in the reference tran-
script but missed from the ASR output), / represents the num-
ber of insertion errors (i.e., additional words generated by the
ASR system that were not included in the reference transcript),
and N represents the total number of words in the reference
transcript. The WER value will be smaller if ASR performs
better; therefore, a WER of 0% indicates that ASR has per-
fectly recognized the transcript. In this study, we calculated
WER values with the use of the jiwer library™.

Algorithm

The ATC training dataset contains 11,868 samples, which
were divided into five approximately equal-sized subsets. The
five-fold cross-validation method was applied to every LoRA
rank being tested. In this method, four of the five subsets were

shttps://github.com/Jjitsi/jiwer
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utilized to train the model while one subset was utilized to val-
idate the model. The entire procedure was repeated five times;
therefore, each subset served as a validation set once.

The LoRA fine-tuning algorithm for the Whisper model was
implemented using Unsloth? with the Hugging Face Trans-
formers framework. LoRA adapters are applied to the query,
key, value, and output projection matrices (g_proj, k_pro7,
v_proj, out_proj) in both the encoder and the decoder,
including the decoder cross-attention blocks. All bias param-
eters were frozen (bias=“none”) and LoRA dropout was set
to 0.05, identical to what Dettmers et al. employed?. For
each LoRA rank r, the scaling factor o was set to 2r. Thus,
the effects of rank on fine-tuned performance were assessed
with a consistent scaling ratio?’. The learning rate was set to
2 x 107*. A cosine learning rate scheduler was used, and a
warm-up period was set to 500 steps. Each graphics process-
ing unit (GPU) had a batch size of 8. Gradient accumulation
was performed over two steps, which resulted in an effective
batch size of 16. The weight decay was set to 0.01 for regu-
larization purposes.

Training was performed using the Hugging Face Trans-
formers Seq2SeqgTrainer. The maximum number of train-
ing epochs was limited to 20. Training stopped early if the
validation WER did not improve for three consecutive epochs.
The checkpoint with the lowest validation WER was kept as
the final model. The training and validation loss curves were
monitored for each rank and each fold in order to verify that
there were no runs which demonstrated either divergence or
large increases in loss. Experiments were run on the Google
Colab Pro+ platform, which utilizes a G4 GPU with 96 GB
VRAM. The typical fine-tuning time for each LoRA rank on
one cross-validation fold is approximately 3 hours. Key LoRA
fine-tuning hyperparameters are summarized in Table 1.

When performing ASR model training and computing
WER, reference transcripts need to be normalized. In
this work, the EnglishTextNormalizer from OpenAl’s
original Whisper package (whisper.normalizers) was
used, which performed a standard set of text normalization
steps, including lowercasing, punctuation removal, word-to-
number conversion, and British-to-American spelling conver-
sion*.

Results

First, the performance of the default Whisper models, from
Tiny to Large variants, on both the ATC and LibriSpeech test
datasets, is illustrated in Figure 2.

thttps://github.com/unslothai

£ All source code is available at https://github.com/C-L-South/w
hisper—atc. All fine-tuned models are available at https://huggin
gface.co/cody-11.

Table 1 Fine-tuning hyperparameter settings used in all experiments.

Parameter Value

Base model whisper-small.en

LoRA target modules g-proj, k_proj, v_proj, out_proj
LoRA rank (r) 4,8, 16, 32, 64, 128, 256
LoRA alpha (&) o=2r

LoRA dropout 0.05

LoRA bias none

Learning rate 2x 1074

Learning rate scheduler  cosine

‘Warm-up steps 500

Weight decay 0.01

Batch size 8

Max. training epochs 20

Training early stopping
criterion

Training optimizer
Cross-validation folds
Training platform

No improvement in validation WER for 3
consecutive epochs

AdamW (torch)
5
Google Colab Pro+

These results provide evidence that Whisper models per-
form very well on general English speech but perform poorly
on ATC communications. Specifically, the Whisper small En-
glish model (which is used as the baseline model in this re-
search) had a WER of 137.2% on ATC communications data,
whereas it had a WER of only 3.1% on LibriSpeech data.

Figure 3 shows the performance comparison of the fine-
tuned Whisper small English model evaluated at different
LoRA rank values. The results from all five folds are shown.
It is clear from this figure that WER on the ATC test dataset
is substantially reduced after fine-tuning. Increasing the rank
generally leads to a lower WER on the ATC dataset, while
WER on the LibriSpeech dataset tends to increase.

To determine the statistical significance of differences in
WER between successive LoRA ranks, paired #-tests were per-
formed on WER difference scores for each pair of consecutive
ranks. A smaller p-value signifies greater statistical evidence
that the WER difference represents a true difference. Cohen’s
d is a common way to measure an effect size and was com-
puted using the formula d = ua/oa. Here, s and op are
the mean and standard deviation of the paired WER differ-
ence scores for all five folds3’. A larger absolute value of d
indicates a larger mean difference relative to variability differ-
ences across folds.

As shown in Table 2, ATC WER generally decreases as
rank increases through r = 64. Statistically significant reduc-
tions in WER are observed for the transitions from 4 to 8 and
from 32 to 64. Beyond r = 64, no statistically significant im-
provements are observed. LibriSpeech degradation, by con-
trast, is statistically significant for all transitions from 16 to
32 through 128 to 256; for example, when r changes from 32
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Figure. 2 Performance comparisons of the default Whisper models across the Tiny to Large variants on ATC and LibriSpeech test datasets.

to 64, p = 0.004 and d = 2.62, and when r changes from 64
to 128, p = 0.0006 and d = 4.34. The results of this analysis
suggest that as the rank value increases above 64, additional
improvements in ATC WER are small and not statistically sig-
nificant, while LibriSpeech WER continues to increase. This
finding is consistent with the interpretation that higher-rank
adapters allow the model to change more during fine-tuning
but can cause it to forget more of what it previously learned
from pre-training, i.e., catastrophic forgetting?’.

Additionally, as shown in Table 3, an equal-weighted com-
bined WER (w = 0.5) is minimized at » = 64, and this choice
remains optimal even when weighting favors in-domain ac-
curacy (w = 0.7), while also exhibiting the lowest cross-fold
variance of any rank tested. Rank r = 64 is therefore consid-
ered the optimal rank for the fine-tuned model.

Discussion

While keeping the pre-trained Whisper weights frozen, LoRA
improves domain-specific speech recognition performance by
training only the adapter parameters. As shown in Table 4,
the trainable LoRA parameters are 0.37% of the base model’s
parameter count at r = 4 and 23.42% at r = 256. When
r = 64, the new parameters account for only 5.86% of the base
model’s parameter count. Furthermore, LoRA checkpoints
store only adapter parameters, which substantially reduces
checkpoint size as compared with a full fine-tuning scheme >*.
This method also allows a single frozen base model to support

multiple lightweight, task-specific LoRA adapters.

The results of this study clearly show the rank-dependent
trade-off between ATC adaptation and the retention of general
English recognition capability. It should be pointed out that
preserving general speech recognition capability is important
because real-world ATC communications are not limited to
standardized phraseology. In non-routine or unexpected situa-
tions, pilots and controllers may also use plain English. There-
fore, an ATC-adapted ASR model should improve recognition
of domain-specific communications without substantially de-
grading its ability to recognize general English speech.

Increasing LoRA rank was correlated with lower ATC WER
until » = 64; however, at r > 64, there was no statisti-
cally significant increase in performance. Conversely, Lib-
riSpeech WER increased as LoRA rank increased. The results
suggest that increasing adapter capacity (LoRA rank) above
r = 64 does not provide much benefit for improving perfor-
mance on ATC speech recognition tasks, while simultaneously
degrading the ability of the pre-trained model to recognize
general-domain speech. In addition, as shown in Table 3, the
combined-WER analysis further supports this conclusion, as
r = 64 produces the best trade-off in terms of WER for the two
weighting methods. Therefore, LoRA rank is an important hy-
perparameter to consider during model development for ATC.
Evaluation of candidate LoRA ranks should be performed on
both in-domain and out-of-domain speech recognition data to
determine if the improvement in ATC recognition comes at the
expense of general English recognition.
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Figure. 3 WERSs of the fine-tuned Whisper small English model on ATC and LibriSpeech test datasets with different LoRA fine-tuning rank
parameters. For each rank, five models were evaluated using five-fold cross-validation.

Table 2 Paired r-test results (p-value) and effect size (Cohen’s d) between consecutive LoRA ranks for ATC and LibriSpeech WER.

Rank change ATC (p-value) ATC (d) LibriSpeech (p-value) LibriSpeech (d)
4—38 0.012 -1.97 0.539 0.30
8—16 0.082 -1.03 0.150 0.80

16 — 32 0.114 -0.90 0.029 1.49
32 — 64 0.014 -1.86 0.004 2.62
64 — 128 0.682 -0.20 0.0006 4.34
128 — 256 0.254 -0.60 < 0.0001 9.13

Table 3 Combined WER (mean = standard deviation) vs. LoRA rank.

Rank (r) WERxtc (%) WER i (%) WERCombined (%), w = 0.5 WERCcombined (%), w = 0.7

4 24.814+0.94 4.38+0.59 14.60 +0.61 18.68 +0.72

8 22.794+0.33 4.51+£0.31 13.654+0.20 17.314£0.23

16 22.13+0.60 5.14+0.80 13.63+0.58 17.03+0.56

32 21.13+1.15 6.46 +0.49 13.79+0.43 16.73+0.70

64 18.804+0.33 8.344+0.40 13.57+0.08 15.66+0.13
128 18.54 +1.05 11.14+0.37 14.844+0.62 16.32+0.79
256 17.974+0.18 22.104+1.35 20.044+0.73 19.214+0.49

Note: WERCombined = W X WERATc + (1 — w) x WERjpyi, Where w is the weighting factor.

The importance of domain-specific adaptation can also be
illustrated by comparing LoRA fine-tuned results with those
obtained from default pre-trained Whisper models. The » = 64

Whisper small English model achieves a substantially lower
ATC WER than the much larger original pre-trained Whis-
per large-v2 model. This result suggests that, for ATC speech
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Table 4 Trainable LoRA parameters as a percentage of total base
model parameters across rank values for the Whisper small English
model.
Rank (r) 4 8 16 32 64 128 256
Percentage (%) 037 0.73 146 293 586 11.71 23.42

Note: The Whisper small English base model contains 241,734,144
parameters.

recognition, domain-specific adaptation can provide greater
performance benefits than simply increasing the size of the
base model.

The ATC dataset used in this study was collected in Eu-
ropean airspace. The characteristics of ATC communication
can vary between regions in terms of accents, phraseology, ra-
dio conditions, and speaking speed. Therefore, the optimal
rank identified in this study may not be the optimal choice for
data from other regions. In future work, we will test larger
ATC datasets from more regions to see if the same rank—
performance trade-off observed in this study still holds.

Conclusion

This study evaluated the effect of the LoRA rank parame-
ter value on fine-tuning the Whisper small English model for
ATC communications. Seven rank values were evaluated,
and the results showed that r = 64 provided the best over-
all balance, as it significantly improved ATC speech recog-
nition while limiting the degradation in the Whisper model’s
general English speech recognition capability. Increasing the
rank beyond 64 resulted in little additional improvement in
ATC recognition while substantially degrading the general-
domain performance. These results demonstrate that choosing
a suitable LoRA rank is critical when fine-tuning the Whis-
per model. Future work includes the evaluation of medium
and large Whisper models and the investigation of additional
fine-tuning parameters. We also plan to test larger, higher-
quality, and more diverse ATC datasets obtained from differ-
ent regions. This will help to determine whether the rank value
trade-off observed in this study holds for different accents and
varying operating conditions.
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