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Abstract:

Parkinson's disease, as one of the most common progressive neurological disorders,
Is associated with motor and acoustic abnormalities. Since voice assessments are
non-invasive, inexpensive, and readily available, the development of intelligent early
diagnosis systems based on speech data has become increasingly important.
However, achieving high diagnostic accuracy remains a challenge for these methods.
In this study, we present a hybrid deep learning model for the diagnosis of
Parkinson's disease. The proposed approach involves extracting Mel spectrograms,
applying normalization, and performing targeted data augmentation specifically for
the patient class. In the proposed architecture, after training the models to achieve
high detection accuracy, the output class is predicted using feature fusion, random
dropout, and several deep layers. The evaluation results on an audio dataset
demonstrate an accuracy of 98.54% in disease diagnosis, which outperforms
previous models. These findings indicate that combining deep learning and speech
analysis can provide an effective tool for the accurate and rapid screening of patients
with Parkinson's disease.

Keywords Mel Spectrogram, Parkinson Disease, Audio Analysis, Multiclass
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2 Data Augmentation
3PD
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5 Mel Spectrogram

6 phoneme

7 Data Augmentation

8 Early Stopping
9STFT

10 Synthetic Minority Oversampling Technique
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13 Fully Connected

14 deep texture

15 global structure

16 Accuracy

17 Accuracy
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19 Precision
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)\:iftljfjf_i,;“\M}M&éz\ﬁjlumlbowjgb%&ua.',sd..? VY'Y



