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An Unsupervised Two-Step Convolution Sparse Transfer Learning
Algorithm for Parkinson’s Disease Speech Diagnosis
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Abstract: Parkinson’s disease(PD) speech diagnosis has a small sample problem. Although it is possible to transfer
learning with the help of relevant speech datasets. The introduction of other samples will lead to the distribution difference
between samples of different subjects, so the classification accuracy is greatly affected. Therefore, in this paper, to solve the
problems above, we propose a novel unsupervised two-step convolutional sparse transfer leaning algorithm. The algorithm
is divided into two steps: fast convolutional sparse coding with coordinate selection of samples and features(FCSC&SF),
joint local structure distribution alignment(JLSDA). In the FCSC&SF, speech structure among public speech dataset is
quickly learned by fast convolution sparse coding(FCSC), and transferred into the target dataset, after that, the more valu-
able information is obtained by coordinate selection of samples and features. JLSDA is designed to maintain the local struc-
ture information in the two domains, and reduce the distribution difference between the two domains at the same time. The
experimental results showed that each step of the proposed algorithm has a positive effect on the classification results; com-
pared with the representative relevant algorithms, the accuracy of the proposed method is significantly higher at 97.5%.
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Proposed algo-
TSTL&SVM 97.5197.5 |97.5
rithm
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INB) TR RRCR . 5 B SVM FTKNN 43258840
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F4 ETFDNSHEIREMMHEXE LR (L0SO)
ACC | TPR | TNR

P 3 Jrik
1% 1% 1%
- KNN 52.5 | 55.0 | 50.0
- SVM (linear kernel ) 42.5 35.0 | 50.0

TSTL&SVM 90.6 | 90.6 | 90.6

Proposed algorithm
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