
Proposed Methodology

Introduction & Problem Statement

• Data augmentation can mitigate the scarcity of transcribed ATC speech.

• Traditional methods modify existing signals, e.g., speed perturbation, 

noise injection and SpecAugment.

• We generate additional speech from existing recordings and transcripts, 

varying accents, speakers and acoustic conditions.

• Check out our paper and code!
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• ATC ASR must handle non-native accents, radio noise and rapid, specialized 

phraseology with little transcribed data.

Objective: generate synthetic data from existing real data to train an ASR system that better recognizes ATC speech.

Experimental settings
• Whisper-small, evaluated on real ATCO2 speech [6].

• 4-fold cross-validation on 4 h of transcribed speech.

• 72 min AC training, 72 min ASR training, 36 min validation and 60 min testing.

• Synthetic-only or Real+Synth training (50/50 per batch).

Results
• Synthetic-only training improves on the 63.32% baseline. VC + AAS

performs best (24.18% WER).

• AAS improves synthetic-only TTS: 53.88% to 33.77% WER. L2-to-L1 AC 

worsens Real+Synth WER to 25.92%.

• L1-to-L2 AC gives the best Real+Synth WER: 21.64% vs. 22.69% real-

only (4.6% relative reduction). Several methods tie statistically.

• The best result uses L2-ARCTIC accent + VC, without AAS. Mixing all

generators adds no gain.

Conclusion
• Generative augmentation improves ATC ASR without collecting additional

real recordings.

• It introduces a controllable L1-to-L2 accent conversion module to

increase the accent diversity of ATC speech.

• Mixing real data with L1-to-L2 accent-converted speech, or with TTS +

AAS, significantly outperforms fine-tuning on real data alone.
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L1-to-L2 Accent Conversion

• A novel controllable L1-to-L2 accent conversion module.

• An optional speaker reference enables joint voice conversion. The L2 

reference controls the target accent.

Generative Modeling
• TTS (F5-TTS [3]) generates L1 speech from ATC text and a voice reference.

• VC (kNN-VC [4]) varies speaker identity using L2-ARCTIC target speakers.

• L2-to-L1 AC (TokAN [5]) normalises non-native speech towards native.

• L1-to-L2 AC (ours) converts speech to a controllable target L2 accent.

ATC Acoustic Simulation (AAS)
• Makes the generated audio match ATC acoustic conditions.
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