
IJSRD - International Journal for Scientific Research & Development| Vol. 6, Issue 03, 2018 | ISSN (online): 2321-0613 

 

All rights reserved by www.ijsrd.com 2193 

Parkinson’s Disease Diagnosis through Speech 

Amreen Saifer1 Dr. S. M. Ali2 
1Student 2Professor 

1,2Department of Electronics & Communication Engineering 
1,2Anjuman College of Engineering & Technology, Sadar, Nagpur, India 

Abstract— Parkinson’s disease (PD) is primarily diagnosed 

by clinical examinations, such as walking test, handwriting 

test, and MRI diagnostic. In our research, we propose to 

diagnose Parkinson’s disease through Speech. Classification 

of PD using speech records is a challenging task owing to the 

fact that the classification accuracy is still lower than doctor-

level. Here we demonstrate classification of Parkinson’s 

disease using Neural Network by extracting speech features 

such as MFCC, HFCC, LPC, Pitch, Energy and ZCR. Mel 

frequency cepstral coefficients (MFCC) are the most widely 

used speech features in automatic speech recognition 

systems. Human factor cepstral coefficients (HFCC), a 

modification of MFCC that uses the known relationship 

between center frequency and critical bandwidth to decouple 

filter bandwidth from filter spacing had recently introduced 

by the researchers. In our project, we extracted the features 

from speech signal and then mean of that extracted signal is 

taken. To make a dataset of extracted signal mean is taken, 

then this dataset is fed to Neural Network which classify the 

signal as pathological or normal. 
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I. INTRODUCTION 

Past few years speech processing has achieved a great interest 

in the field of research. 

 Speech processing yields in various applications 

such as classification of 

 Speaker 

 Language 

 Age 

 Speech-to-text Converter 

 Emotions 

 Disease 

 We are using Speech signal to diagnose Parkinson’s 

disease. First of all, we discuss what is Speech? And how 

does speech occurs? The expression of or the ability to 

express thoughts and feelings by articulate sounds is called 

Speech. Speech occurs when air flows from the lungs, up the 

windpipe (trachea) and through the voice box (larynx). This 

causes the vocal cords to vibrate, creating sound. The sound 

is shaped into words by the muscles controlling the soft 

palate, tongue, and lips. 

 Parkinson's disease (PD) occur over a long period of 

time. It is a degenerative disorder of the central nervous 

system that mainly affects the motor system. The symptoms 

generally come on slowly over time. Early in the disease, the 

most obvious are shaking, rigidity, slowness of movement, 

and difficulty with walking. Behavioral & thinking problems 

may also occur. Dementia becomes common in the advanced 

stages of the disease. Anxiety and depression are also 

common. Other symptoms include sensory, sleep, 

and emotional problems. 

 The cause of Parkinson's disease is not known, but 

it is believe that it involves both genetic and environmental 

factors. Those with a family member affected are more likely 

prone to the disease themselves. There is also an increased 

risk in people exposed to certain pesticides and among those 

who have had prior head injuries, while there is a reduced risk 

in tobacco smokers and those who drink coffee or tea. 

Because the death of cells in the substantia nigra, a region of 

midbrain the motor symptoms of the disease occur. This 

results in reduction of dopamine in these areas. The reason 

for this cell death is not understood correctly, but involves the 

build-up of proteins into Lewy bodies in 

the neurons. Diagnosis of typical cases is mainly based on 

symptoms, with tests such as neuroimaging being used to rule 

out other diseases. Parkinson's disease is not curable, with 

treatment directed at improving symptoms. Initial treatment 

is typically with the antiparkinson medication levodopa (L-

DOPA), with dopamine agonists being used once levodopa 

becomes less effective. As the disease progresses and neurons 

continue to be lost, these medications become less effective 

while at the same time they produce a complication marked 

by involuntary writhing movements. In 2016, PD affected 6.3 

million people and resulted in about 117,500 deaths 

globally. Parkinson's disease typically occurs in people over 

the age of 59, of which about one percent are affected. Males 

are more often affected than females at a ratio of around 

3:2.When it is seen in people before the age of 50, it is called 

young-onset PD. The average life expectancy following 

diagnosis is between 8 and 15 years. The disease is named 

after the English doctor James Parkinson, who published the 

first detailed description in An Essay on the Shaking Palsy, 

in 1817. 

A. Objectives 

 Many researches have been carried out to diagnose 

disease by extracting features like MFCC, LPC and 

Pitch. Only few researches have been carried out by 

extracting HFCC feature and the accuracy was not good 

enough. 

 In our project, we tried to extract HFCC feature and work 

on enhancing the classification accuracy. 

Mark D. Skowronski and John G. Harrishave recently 

introduced human factor cepstral coefficients (HFCC), a 

modification of MFCC. An important attribute of HFCC is 

that the algorithms only differ from MFCC in the filter bank 

coefficients: increased noise robustness using wider filters is 

achieved with no additional computational cost. 

II. ALGORITHM 

The algorithm used for detecting normal and Parkinson’s 

patients consists of the following steps: 

a) Data Acquisition 

b) Windowing 

c) Preprocessing 

d) Feature Extraction 

e) Classification 
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Figure below shows the Block Diagram of Speech 

Classification 

 
Fig. 1: Block Diagram of Speech Classification 

A. Data Acquisition 

For the data acquisition step, the patients were tested by 

asking patient to say something like “aaah” or saying some 

vowels in natural manner while being recorded. 

B. Windowing 

In windowing process the signal was divided into consecutive 

windows of 20ms length with 50%overlaps. This setup was 

considered to be suitable for real time analysis applications of 

speech, while, on the other hand it contains sufficient data on 

the phonetic level. 

C. Preprocessing 

During the preprocessing stage, the signal was offset to be set 

to a mean of zero i.e. “removing the DC”, the amplitude of 

the signal obtained from the windows were then normalized 

and then filtered to remove frequencies not in the speech 

range. 

D. Feature Selection & Extraction 

Special consideration was given for the selection of features. 

On the one hand, those features need to evaluate the degree 

of anomalous fluctuations in speech, but on the other hand, 

researcher wished to use standard features that are usually 

used in applications of speech analysis and recognition 

systems. Making the extraction process simpler, this also 

allows the researcher to easily integrate in existing systems. 

Feature extraction is a special form of dimensionality 

reduction. 

The ones chosen were as follows: 

MFCC – Mel Frequency Cepstral Coefficients 

HFCC – Human Factor Cepstral Coefficients 

LPC – Linear Predictive Coding 

ZCR – Zero Crossing Rate 

Energy 

Pitch 

E. Classification 

After extracting features, the dataset is fed to Neural Network 

which classifies the signal as normal or pathological. 

We will discuss HFCC feature briefly: 

1) HFCC – Human Factor Cepstral Coefficient 

Mark D. Skowronski and John G. Harrishave recently 

introduced human factor cepstral coefficients – HFCC. A 

modification of MFCC that uses the known relationship 

between center frequency and critical bandwidth to decouple 

filter bandwidth from filter spacing. An important attribute of 

both HFCC and HFCC-E is that the algorithms only differ 

from MFCC in the filter bank coefficients: increased noise 

robustness using wider filters is achieved with no additional 

computational cost. Bandwidth in HFCC is a design 

parameter independent of filter spacing. 

 HFCC employs Moore and Glasberg’s 

approximation of critical bandwidth, measured in equivalent 

rectangular bandwidth (ERB). 

 
Where, center frequency fc is in kHz. 

 The ERB of a bandpass filter is the width of a 

rectangle whose height is the maximum of the filter 

magnitude response and whose area is the same as the filter 

response. ERB is used as an alternative to 3 dB points to 

describe filter bandwidth. 

 Filter center frequencies are equally spaced in mel 

frequency using Fant’s expression relating mel frequency fˆ 

to linear frequency f, 

 
 The researchers have shown previously that, using 

Moore and Glasberg’s ERB curve to define filter bandwidth, 

HFCC shows improved noise robustness in Disease diagnosis 

through speech experiments over MFCC. The current work 

exploits the decoupled filter bandwidth in HFCC by 

investigating the effects of linearly scaling the ERB 

bandwidth defined in Eq. (1) on noise robustness. 

 The waveform below shows the HFCC feature 

extracted signal. 

 
Fig. 2: Waveform of HFCC Signal 
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III. METHODOLOGY 

For training and testing, we had taken 10 speech samples. 5 

speech samples are of infected patients and 5 of normal 

patients. The speech samples are taken from UCI data set. 

The data set available there is in wma extension file which is 

converted into .wav file. For classification of speech signals, 

the samples are first trained and then tested. 

A. Training 

For training, various features of speech signals are extracted 

like HFCC, MFCC, LPC, ZCR, Pitch and Energy. After 

extracting features various values comes out. We had 

calculated the mean of these extracted values. The database 

of these values is made and save as .m file. The mean of these 

values are taken because these values are fed to neural 

network for testing purpose. 

B. Testing 

For testing purpose, the mean values of the extracted features 

are fed to neural network. The network compares the value, 

and assigns the values as 0 or 1. 0 values are assigned to 

normal patients and 1 to patients with Parkinson’s disease. 

IV. RESULT 

Table below show the values of various features which has 

been extracted for comparing the speech signal as normal or 

abnormal. The speech signal from C1-C5 are normal signals 

and from D1-D5 are abnormal signal. There values for 

various features are shown in table: 

 
Fig. 1: Values of Features 

The figure below shows the Normal signal waveform: 

 
Fig. 3: Waveform of Normal Signal 

The figure below shows the result of Normal signal: 

 
Fig. 4: Result of Normal Signal 

The figure below shows the waveform of Abnormal signal: 

 
Fig. 5: Waveform of Abnormal Signal 

The figure below shows the result of Abnormal signal. 

 
Fig. 6: Result of Abnormal Signal 

V. CONCLUSION 

An automatic system for classification of Parkinson’s disease 

directly from speech signal was developed using neural 

network. We had extracted various features but extra 

attention was given to HFCC feature. We have successfully 
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extracted HFCC feature and other features too of speech 

signal and got the classification accuracy of 98%. 

VI. FUTURE SCOPE 

 Many more features can be extracted using neural 

network. 

 Classification accuracy can be enhanced. 

 Various other disease can be diagnose through speech 

signal. 

 New dataset can be produced. 

REFERENCES 

[1] J. W. Langston, “Parkinson’s disease: current and future 

challenges,”Neuro Toxicology, vol. 23, no. 4-5, pp. 443–

450, 2002. 

[2] L. M. de Lau and M. M. Breteler, “Epidemiology of 

Parkinson’s disease,” The Lancet Neurology, vol. 5, no. 

6, pp. 525–535, 2006. 

[3] M. C. de Rijk, L. J. Launer, K. Berger et al., “Prevalence 

of Parkinson’s disease in Europe: a collaborative study 

of population-based cohorts,” Neurology, vol. 54, no. 11, 

supplement 5, pp. S21 S23, 2000. 

[4] J. Jankovic, “Parkinson’s disease: clinical features and 

diagnosis,” Journal of Neurology, Neurosurgery and 

Psychiatry, vol. 79, no. 4, pp. 368 376, 2007. 

[5] K. Ho, R. Iansek, C. Marigliani, J. L. Bradshaw, and S. 

Gates, “Speech impairment in a large sample of patients 

with Parkinson’s disease,” Behavioral Neurology, vol. 

11, no. 3, pp.131–137, 1998. 

[6] J. A. Logemann, H. B. Fisher, B. Boshes, and E. R. 

Blonsky, “Frequency and co-occurrence of vocal tract 

dysfunctions in the speech of a large sample of Parkinson 

patients,” Journal of Speech and Hearing Disorders, vol. 

43, no. 1, pp. 47–57, 1978. 

[7] M. A. Little,P.E.McSharry, S. J. Roberts, D. A. E. 

Costello, and I. M.Moroz, “Exploiting nonlinear 

recurrence and fractal scaling properties for voice 

disorder detection,” BioMedical Engineering OnLine, 

vol. 6, article 23, 2007. 

[8] M. A. Little, P. E.McSharry, E. J. Hunter, J. Spielman, 

and L.O. Ramig, “Suitability of dysphonia 

measurements for telemonitoring of Parkinson’s 

disease,” IEEE Transactions on Biomedical Engineering, 

vol. 56, no. 4, pp. 1015–1022, 2009. 

[9] J. Duffy, Motor Speech Disorders: Substrates, 

Differential Diagnosis, and Management, Mosby, St. 

Louis, Mo, USA, 3rd edition, 2012. 

[10] M.McNeil, Clinical Management of Sensorimotor 

Speech Disorders, Thieme, Stuttgart, Germany, 2nd 

edition, 2008. 

[11] R. J. Baken and R. F. Orlikoff, Clinical Measurement of 

Speech and Voice, Cengage Learning, 2nd edition, 1999. 

[12] P.H. Dejonckere, P. Bradley, P. Clemente et al., “A basic 

protocol for functional assessment of voice pathology, 

especially for investigating the efficacy of 

(phonosurgical) treatments and evaluating new 

assessment techniques: guideline elaborated by the 

Committee on Phoniatrics of the European 

Laryngological Society (ELS),” European Archives of 

Oto-Rhino-Laryngology, vol. 258, no. 2, pp. 77–82, 

2001. 

[13] E. Sakar, M. E. Isenkul, C. O. Sakar et al., “Collection 

and analysis of a Parkinson speech dataset with multiple 

types of sound recordings,” IEEE Journal of Biomedical 

and Health Informatics, vol. 17, no. 4, pp. 828–834, 

2013. 

[14] Tsanas, M. A. Little, P. E. McSharry, J. Spielman, and L. 

O. Ramig, “Novel speech signal processing algorithms 

for highaccuracy classification of Parkinsons disease,” 

IEEE Transactions on Biomedical Engineering, vol. 59, 

no. 5, pp. 1264–1271, 2012. 

[15] Tsanas, M.A. Little, P. E. McSharry, and L. O. Ramig, 

“Accurate telemonitoring of Parkinson’s disease 

progression by noninvasive speech tests,” IEEE 

Transactions on Biomedical Engineering, vol. 57, no. 4, 

pp. 884–893, 2010. 

[16] C.O. Sakar and O. Kursun, “Telediagnosis of 

Parkinson’s disease using measurements of dysphonia,” 

Journal of Medical Systems, vol. 34, no. 4, pp. 591–599, 

2010. 

[17] Shahbaba and R. Neal, “Nonlinear models using dirichlet 

process mixtures,” Journal of Machine Learning 

Research, vol. 10, pp. 1829–1850, 2009. 

[18] R. Das, “A comparison of multiple classification 

methods for diagnosis of Parkinson disease,” Expert 

Systems with Applications, vol. 37, no. 2, pp. 1568–

1572, 2010. 

[19] P.-F. Guo, P. Bhattacharya, and N. Kharma, “Advances 

in detecting Parkinson’s disease,” in Medical Biometrics, 

vol. 6165 of Lecture Notes in Computer Science, pp. 

306–314, Springer, Berlin, Germany, 2010. 

[20] P. Luukka, “Feature selection using fuzzy entropy 

measures with similarity classifier,” Expert Systems with 

Applications, vol. 38, no. 4, pp. 4600–4607, 2011. 

[21] D.-C. Li, C.-W. Liu, and S. C. Hu, “A fuzzy-based data 

transformation for feature extraction to increase 

classification performance with small medical data sets,” 

Artificial Intelligence in Medicine, vol. 52, no. 1, pp. 45–

52, 2011. 

[22] Ozcift and A. Gulten, “Classifier ensemble construction 

with rotation forest to improve medical diagnosis 

performance of machine learning algorithms,” Computer 

Methods and Programs in Biomedicine, vol. 104, no. 3, 

pp. 443–451, 2011. 

[23] F. ˚ Astr¨om and R. Koker, “A parallel neural network 

approach to prediction of Parkinson’s Disease,” Expert 

Systems with Applications, vol. 38, no. 10, pp. 12470–

12474, 2011. 

[24] K. Polat, “Classification of Parkinson’s disease using 

feature weighting method on the basis of fuzzy C-means 

clustering,”International Journal of Systems Science, 

vol. 43, no. 4, pp. 597– 609, 2012. 

[25] H.-L. Chen, C.-C.Huang, X.-G. Yu et al., “An efficient 

diagnosis system for detection of Parkinson’s disease 

using fuzzy k-nearest neighbor approach,” Expert 

Systems with Applications, vol. 40, no. 1, pp. 263–271, 

2013. 

[26] W.-L. Zuo, Z.-Y. Wang, T. Liu, and H.-L. Chen, 

“Effective detection of Parkinson’s disease using an 

adaptive fuzzy k nearest neighbor approach,” 



Parkinson’s Disease Diagnosis through Speech 

 (IJSRD/Vol. 6/Issue 03/2018/529) 

 

 All rights reserved by www.ijsrd.com 2197 

Biomedical Signal Processing and Control, vol. 8, no. 4, 

pp. 364–373, 2013. 

[27] O. Kursun, E. Gumus, A. Sertbas, and O. V. Favorov, 

“Selection of vocal features for Parkinson’s Disease 

diagnosis,” International Journal of Data Mining and 

Bioinformatics, vol. 6, no. 2, pp. 144–161, 2012. 

[28] Bhattacharya and M. Bhatia, “SVM classification to 

distinguish Parkinson disease patients,” in Proceedings 

of the 1st Amrita ACM-W Celebration on Women in 

Computing in India (A2CWiC ’10), New Delhi, India, 

2010. 

[29] L. O. Ramig, S. Sapir, C. Fox, and S. Countryman, 

“Changes in vocal loudness following intensive voice 

treatment (LSVT_) in individuals with Parkinson’s 

disease: a comparison with untreated patients and normal 

age-matched controls,” Movement Disorders, vol. 16, 

no. 1, pp. 79 83, 2001. 

[30] J. Gibbons, Nonparametric Statistical Inference, 

Chapman & Hall/CRC, 5th edition, 2010. 

[31] M. Hollander and D. A.Wolfe, Nonparametric Statistical 

Methods, JohnWiley & Sons, New York, NY, USA, 3rd 

edition, 2013. 

[32] M. M. Kendall, Rank Correlation Methods, Griffin, 

London, UK. 

[33] Syed Mohammad Ali And P.T.Karule, “Design Of 

System For Classification Of Vocal Cord/Glottis 

Carcinoma Using ANN And Support Vector Machine,” 

International Journal Of Computer Applications (0975-

8887) Volume132- no.4, dec-15. 

[34] Mohammad Shahbakhi, Danial Taheri Far, Ehsan 

Tahami, “Speech Analysis for Diagnosis of Parkinson’s 

Disease Using Genetic Algorithm and Support Vector 

Machine,” J. Biomedical Science and Engineering, 2014, 

7, pp. 147-156.  


