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Can a domain-specific fine-tuned speech-to-text (ASR) model accurately transcribe noisy emergency
medical services (EMS)-to-hospital radio communications to streamline hospital preparedness?
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2. Engineering Acoustic Robustness

Standard models expect "clean" speech
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even if filler words are lost to noise

-—— Testing TRAINED (EMS) Model ——-
Transcribing: 100% || 88/88 [02:49<00:00, 1.92s/it]
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* Real EMS-to-hospital recordings are scarce and mostly 500 0.313305 0.633918 18.855368
inaccessible due to privacy standards synthetic dataset 750 0.307207 TR P23 Domain-specific fine-tuning achieved a

* A synthetic-to-real pipeline was created to model data 1000 0.302503 LT TR ypeesyl 60.07% reduction in WER lowering
after the BPC/CPD Corpus using text-to-speech tools transcription errors from 74.76% to 14.69%.

(Kokoro) to convert medical scenarios into audio

2. Data Set Split Conclusion
The resulting 850 audio files were divided
* 70% Training Set (Light/Medium noise) to learn Fine-tuning Whisper-Medium on a synthetic-to-real EMS pipeline successfully bridged the
vocabulary gap between general-purpose ASR and mission-critical emergency telecommunications. By
* 30% Test Set (Heavy noise) to evaluate post fine-tuning training specifically on "noise-corrupted" and “accented medical” data, the model
performance transitioned from a baseline failure to a reliable clinical tool.
* Robustness: The model effectively isolated phonetic patterns from engine noise, sirens,
ACkn OWIedge me ntS radio static and discontinuity that previously caused total signal collapse.

* Accuracy: A final 14.69% WER demonstrates that domain-specific fine-tuning is
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