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Abstract 
Parkinson’s disease (PD) is the unique forms of disorder get impacted by non-functioning 
neurodegenerative parts. Vocal features plays vital role in determining the PD detection in the early 
stages. Analyzing the vocal patterns in-depth towards the feature extraction is important. Audio data is 
the complex form of data having numerous peaks of threshold points that determine the covariate 
information about the input signal. The proposed approach is focused on deep feature analysis of vocal 
patterns with spectrogram and cepstral features. The input raw vocal signals are preprocessed where 
signals are segmented into frames and sampled into normalized frequency, channeled into two different 
phases of analysis. The first phase extract the features of the vocal signals using Mel Frequency Cepstral 
Co-efficient  (MFCC) and  Gammatone Frequency Cepstral Co-efficient (GFCC). The feature extracted 
samples are intended to calculate Sharpness, Roughness and Fluctuation strength of the input signals. 
The statistical measures captured using the feature maps are formulated and tested for regression with 
CatBoost regression algorithm (CBR). The second phase of operation performs converting voice signal 
into spectrogram. Further the spectrogram converted signals are separated into training images and 
testing images and processed with Deep Convolution Neural Network (DCNN). The predicted labels from 
both the phases of operations are further cross validated with N-times of repeated testing using Dual 
Perceptron Neural Network (DPNN). The Novel Feature Fused Regression (FFR) mapped Deep Network 
(DN) (FFR+DN) architecture is formed to acquire the uniqueness of the input data. The performance 
measure is formulated using Accuracy, Sensitivity, Specificity and MCC. The proposed approach is 
achieved with accuracy of 94% and compared with various existing state-of-art approaches.  

Keywords: Parkinson’s disease; Deep learning; Spectrogram; Voice signal; Mel frequency cepstral 
coefficient; CatBoost regression; 

1. Introduction

Parkinson disease is a kind of slow and progressive neurodegenerative disorder directly impacts the nervous 
system. The symptoms slowly affect the nerves of the body and create difficulty in normal operations. The 
foremost symptom occurs with the PD impacted patients are short tremor in one hand. The short tremor are 
common with peoples, still the PD patients get progressive development of long tremors, causes stiffness and 
difficulty in movements. Mobility of the patients get changed over time. The difference between the normal 
walking and the time that initiates the transition is formulated.  Face expression get varied during the Parkinson 
disease. The response of face is reduced, sometimes no expression is shown.  The transition sometimes due to 
neurodegenerative changes [7].  Parkinson disease is not curable perhaps early detection of disease can reduce 
the impact of person life style and hence it is highly recommended to detect the PD in the initial stages. The 
frequently occurring disease impacts the voice pattern changes. The common symptoms of Parkinson disease 
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include speech impairment with variations in jitter, shimmer and other baseline acoustic features.  
 Vocal symptoms and impairment of speech problem is used to detect the PD patients in common. Using 
discriminant feature extraction techniques and determining the normal voice and Parkinson affected voice 
patterns, the disease is detected in the early stages. The major problem of speech changes is intensity loss, pitch 
monotony, minimized stress levels, unmatched voice pattern and search variable rate of breathing voice causing 
vocal disorders, mobility problems etc. Many non-invasive techniques are used to detect the Parkinson disease 
suffered from voice injury. The number of studies utilizing artificial intelligence-based models to diagnose 
Parkinson's disease and other neurological illnesses has steadily increased in recent years. Deep learning and 
several machine learning (ML) models have been used for PD detection and classification. Auto diagnosis is 
useful for clinicians and speech therapists to improve the diagnostic accuracy of  detecting  vocal  speech 
disorder in patients even though PD mainly relies on clinical diagnosis [4].  

2. Background Study 

To identify Parkinson's disease from a speech signal, several researchers have employed various strategies and 
techniques. A systematic method of identifying multiple scenario of Parkinson disorder through real time data 
collected from PD infected patients to detect the Parkinson disorder in early stages , the dynamic changes in the 
mobility is detected. The computed system identifies the probability of mobility changes occurring with the 
system. A generalized likelihood analysis using two-stage detector is implemented with lower accuracy. The 
system study provides the motivation for regression methods used in PD identification [Almeida et al.,(2019)] 
     In [Soumaya, Zayrit, et al. (2021)] through support vector machine (SVM) with genetic algorithm, the 
statistical parameters are calculated based on discrete wavelet transform. Considering the normal people speech 
pattern and Parkinson people’s speech patterns, the difference in pattern is identified using statistical 
measurements. [Demir et al. (2022)] the authors have used Chi-square and L1-Norm SVM algorithms in a 
multi-level feature selection method that was proposed to detect PD from characteristics incorporating speech 
recordings. For classification, KNN, SVM, and DT were utilized, with KNN offering the best accuracy. 
    In [Zahid et al. (2020)] Spectrogram based deep feature analysis systems are used to identify the Parkinson in 
the early stages. Considering the gait, changes in speech, tremors are the highly noticeable symptoms in 
patients. Using transfer learning approaches, the acoustic features are extracted from the patients vocal records. 
Using machine learning algorithms, the statistical parameters are calculated. [Chen et al.(2020)] presented a 
system where assessment of neurodegenerative disorders using smart phone is implemented.  Parkinson disease 
affected peoples are highly impacted by the tremor. The level of tremors get increased when the disease get 
worse. Smart phone based tremor level detection is focused to analyze the significant changes with the 
individual is produced.   
     According to [ Zhou et al.(2020)] Dynamic models play a vital role in prediction of Parkinson disease 
pattern.  The pattern of speed progressions is evaluated based on Bayes interference. Neural network models 
with dynamic alterations on pattern recognition create impacted results on Parkinson disease detection. Further 
in enhancement of early prediction models, the neural progression incorporated with clinical data is important. 
In [N. P. Narendra et al. (2021)] Machine learning models are utilized for detection of pattern of the speech data. 
PC-GITA speech database is processed with Support vector machine (SVM), convolutional layers, multiple 
layer perceptron etc. through reinforced learning the speech waveforms are filtered and analyzed.  An end to end 
approach using CNN-MLP neural network could obtain 68.56% accuracy and for feature extracted model using 
SVM, the accuracy obtained is 67.93% . 
     In this work, to achieve better classification and recognition of PD, real time voice sample dataset from 
mPower is used to perform vocal feature analysis and categorize PD using deep learning neural network using 
novel FFR+DN model. 

3. System Design 

Audio recognition is purely based on the pattern of various features in the input signals. Typical features of the 
audio signals are pitch, roughness, acoustic sharpness, acoustic fluctuation strength etc. The system design is 
modeled to extract the unique features from the audio data further analyzed with Dual Perceptron Neural 
Networks and CatBoost regression algorithm [2] and Deep Convolutional neural network (DCNN) for audio 
classification [12]. The proposed work is developed using Python 3.7 with Librosa [6].  The flexibility with the 
tool is helpful to derive the proposed model and further helpful to handle the critical features for audio 
classifications. 
 

4. System Methodology 

Various techniques are used to analyze the presence of Parkinson disease. Since the vocal patterns plays a vital 
role in PD, symptoms changes occurs with spectral, acoustic and cepstral features of vocal signals. The 
proposed system is focused on creating a robust model to detect the Parkinson disease by utilizing two different 
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phases of operations. The first phases of operation considers the vocal patterns and extract the cepstral features 
present in it. The second phase considers the audio signal and converts the audio signal into spectrogram images 
in which the acoustic features of the voice patterns are analyzed. Figure 1 Shows the system model of  
Parkinson’s disease detection system using the FFR+DN Novel method. 
 

 
Fig. 1. System Architecture of Novel Feature Fused Regression (FFR) mapped Deep Network(DN) (FFR+DN) 

4.1.  Dataset Description 

The dataset is taken from the mPower study, run by Sage Bionetworks [8], and it includes voice recordings from 
both healthy and PD-affected individuals. 10 second recordings of the /aa/ phoneme were made and saved in 
.wav file format. The voice recordings are collected during the data collection process based on the medication 
time, such as immediately following Parkinson's medication, immediately before Parkinson's medication, I don't 
take Parkinson's medicine, and no value. 700 samples of PD and 700 samples of healthy controls are considered 
for this work. The process starts from reading the input dataset that contains voice signals, represented as N 
contains numerous voice clips G1, G2, …..Gm etc. 

                                       
},,,,,{ 21 ml GGGGN                     (1) 

4.2.  Data Preprocessing 

The preprocessing of input audio signal is used to perform the initial preparation of signal for analysis purpose. 
Audio signal is one of the complex forms of data that contains numerous raise and fall values of vocal patterns 
which contains fixed harmonic strength, fluctuations etc. The exponential raise and fall of voice pattern shows 
the difference between the normal and Parkinson disease impacted input. Preparation of audio signal before the 
classification process is important to improve the quality of classification. Input voice data is collected from 
various Parkinson's disease impacted patients from dataset. It contains various voice patterns and the signals are 
preprocessed by converting the raw input voice data into frames. Voice signals are sampled at 22.05 Khz 
(default rate in Librosa) which contains fixed number of samples in each frames with overlapping of 25% 
between each adjacent frames. 
 

4.3.  Feature Extraction 

The feature extraction process considers Mel- Frequency Cepstral Coefficient (MFCC) [10] and Gamma Tone 
Frequency Cepstral Coefficient (GTCC) [3] feature extraction from the voice signals.  With respect to each 
feature extraction techniques separately, the extracted features from the voice input are analyzed by evaluating 
spectral fluctuation, sharpness and roughness of the voice data. 
 Acoustic Sharpness 

Acoustic sharpness is the measure of high frequency content of the sound that is helpful to produce high 
quality audio. Higher the frequency of audio components that holds greater information on quality points.  

 Acoustic Roughness 
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Roughness is a quantitative measurement value that is subjective to the perception of rapid changes in the 
amplitude of the acoustic data. It is a measure of noticeable sound points identified as the peak values in 
the flow of audio data. Roughness is the subjective perception of 15-300Hz amplitude formulation that is 
sensitive to hear. 

 Acoustic Fluctuation Strength 
Fluctuation strength is determined based on the reliability of Roughness continued over time (t).  It is 
used to determine the perceptual measurement of changes in amplitude of the audio signal.  

4.3.1 MFCC (Mel Frequency Cepstral Coefficient) 

Mel frequency Cepstral Coefficient is an audio signal processing technique for feature extraction process. 
Various steps are involved in analyzing the input audio signal before applying into Mel frequency cepstral co-
efficient extraction. Firstly, Pre Emphasis is a technique of filtering the input raw signal by focusing on higher 
frequencies. It is used to balance the spectrum of voice signals which has high frequency areas as well as the 
low frequency areas. The phonation input sequence x(n) is fragmented into {x(n).w(n) where n=1,2,…N 
samples and w is the hamming window to reduce discontinuity in signal to avoid spectral leakage. Then, The 
Discrete Fourier Transform (DFT) is applied to attain magnitude spectrum to move from time domain to 
frequency domain. Finally, Signal is processed by mel filter bank (triangular filter) to obtain mel scale based on 
human auditory system which is transformed into Mel frequency cepstral coefficients by computing DCT to 
create group of cepstral coefficients on log scale.  
 
Frame blocking and windowing: 
Windowing is the process of separating the continuous audio signal into fixed blocks of windows in which each 
frame is adaptive for tapering the signal to boundaries of the frame. Hamming Windows are used to perform the 
signal harmonics smoothening of signal and minimize the effect of edge by employing DFT on signal. Only by 
using the frame blocking technique, the noise impact at the boundary of the signal is being eliminated. 

 
DFT: 
DFT is used to convert the magnitude of voice spectrum by adapting the coefficient as a function of input signal. 
It makes the symbolization of input signal by evaluating discrete Fourier transform given in the formula. 
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Mel Spectrum: 
Mel spectrum is calculated by transmitting a Fourier transform implemented signal with a group of bank pass 
the filters termed as mel filter Bank. Mel is an element that is used to achieve the frequency perceived by the 
human ears. The Mel associated with physical frequency and is formulated as the formula below, 
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Discrete Cosine Transform: 
The DCT is adapted on transformed Mel frequency coefficients to create group of cepstral coefficients. Here, 
the Mel spectrum is expressed on log scale. The MFCC is evaluated as, 
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where, c(n) is cepstral coefficient, and C is MFCC count. A total of 39 MFCC coefficients were computed 
including energy coefficient value using the steps given in Figure 2. 

 
Fig.2. Blocks involved in MFCC Extraction 
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4.3.2 GFCC(Gammatone Frequency Cepstral Coefficient) 

The Gammatone based audio feature extraction is utilized for analyzing the audio filter responses. The 
gammatone filter is derived from the impulse responses, where the result is obtained through Gamma 
distribution function, Centre frequency which is nothing but the toned audio inputs, computed by the formula 
below,  

)                 (5) 
 

where, G(t) is the impulse response of gamma tone filter, K is the amplitude factor (peak value) n is the filer 
order, fc is the cepstral frequency in Hertz, Φ is the phase shift  and B is the duration of impulse response. 
Gamma tone filter is the cascaded combinations of several gamma tone filter bank. The log function is 
calculated from the above filter, DCT is used to identify the loudness of the audio data. The GFCC computation 
is given in Eq.(6). 

                                                                               (6) 

where   and  Xn is the energy of the signal in the nth spectral band, N is the number of Gamma tone 
filters  and M is the number of GFCC coefficients. The prime computations of 39 GFCC co-efficients are 
obtained using the steps given in Figure 3.   
 

 
Fig. 3.  Blocks involved in GTCC Extraction 

 

4.4.  Feature Mapping 

The proposed approach considers the feature based analysis model in which the Roughness, Sharpness and 
Fluctuation strength are calculated and formulated as a feature map. These values act as unique feature of the 
input audio data. This feature vector is further processed to cat boost regression algorithm for making the 
correlation analysis from which we get the match score. Selection is subjected to select the important attributes 
present in the input signal after the feature extraction process. Here the feature selection technique is 
implemented before the cat booster regression algorithm by making the statistical parameters calculator and 
adaptively enclosed as a feature vector. Here no manual selection is implemented. The statistical parameters 
with respect to each input voice pattern are dynamically saved as a feature matrix. Further the critical features 
such as acoustic sharpness, acoustic roughness and acoustic fluctuation strength are considered from the MFCC 
and GFCC results. 

4.5  Training and Classification 

4.5.1 Deep Convolutional Neural Network (DCNN)  

The spectrogram, a common tool for visualizing sound, displays the energy's distribution over time and 
frequency. It is merely an image created by the short-time Fourier transform's magnitude, typically on a log-
intensity axis. The spectrograms of audio signals generally retain high frequency information. In this work, log 
frequency spectrograms are generated first by applying Short Time Fourier transforms on the audio samples in 
the dataset. But, log frequency spectrograms are not in a form of human auditory perception. So, they are 
converted into Mel Spectrograms and the representation is changed from hertz to pitch using a mel scale filter 
bank. The generated mel spectrogram images are divided into training images and testing images. The features 
present in the spectrogram images are extracted by the deep learning convolutional neural network. By fetching 
the input image into the convolutional 2D layer with a Stride channel of 4x4, followed by a rectified linear unit 
(ReLU), further processed with fully connected layer. The max pooling layer is used here to drop out the images 
with degraded quality. The classification layer is considered as the final layer of the DCNN. The extracted 
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features are compared with the hidden feature points with cross-correlated blocks and classified using Confusion 
matrix. Figure 4 shows the architecture of proposed DCNN model.  

 
Fig. 4. Architecture of Convolution Neural Network blocks 

 
The Parameter settings of spectrogram image generation is given in Table 1 and at this point, the resulting 
spectrogram has a distinct harmonic texture and voiceprint features that are clearly visible. Table 2 gives the 
hyper parameter details of DCNN model architecture for spectrogram images. 

 
Parameter Value Setting 
Frame size 2048  

n_fft (output frequency bins) 2048 
Hop size 512(25%) 

Sampling rate 22050 Hz 

 
Table  1 Parameter Setting for Spectrogram of Voice Signal 

 
Parameter Values 

No of Epochs 150 
Batch Size(training) 25 

Optimizer Adam 
Learning rate 1e-4 
Dropout Ratio 0.2 

Activation Function Sigmoid, Relu 
Classification type Binary 

 
Table 2. Hyper parameter Setting for DCNN Model 

 

 4.5.2 CatBoost Regression Model 

Figure 5 shows the Categorical based regression algorithm in which number of predictors are framed using the 
given bags of data. The Sample data are converted into frames and further analyzed using the Predictor 
windows. The average results obtained from each predictor with respect to the audio sharpness, Roughness and 
Fluctuation strength of the training data and the testing data are analyzed using Mathew’s correlation coefficient 
(MCC). Further based on the correlation rate, the secondary predicted labels are formulated.  
 

 
Fig.5. CatBoost Regression for feature mapping 
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Table 3 shows the MFCC coefficients extracted for feature mapping. The total of  39  count is considered for 
analysis. 

 
MFCC Feature Type Count 

MFCC  Coefficients 12 

Delta Coefficient Cepstral factor 12 

Second Delta Coefficient factor 12 

Energy  Coefficient ,Delta and Second Delta 

Coefficient factor 
3 

 
Table 3. MFCC Coefficients 

 
Table 4 shows the GFCC coefficients extracted for feature mapping. The total of  39 count is considered for 
analysis. 

 
GFCC Feature Type Count 

GFCC  Coefficients 12 

Delta Coefficient Cepstral factor 12 

Second Delta Coefficient factor 12 

Energy  Coefficient ,Delta and Second 

Delta Coefficient factor 
3 

 
Table. 4. GFCC Coefficients 

 

4.5.3 Dual Perceptron Neural Network (DPNN) 

The cross validation process is implemented using dual perceptron based neural network. The Neural network is 
one of the robust techniques to find out the correlation between the predicted variable and the required variable. 
The neural network architecture implemented here consists of two level of perceptron as given in the Figure 6. 
The uniqueness of one result is compared with the input and for the processing the metric that is relevant to the 
input is chosen. If both the perceptions correlate with each other, the accuracy of the neural network is higher. If 
the relevant correlation is not present with the input analysis, then the level of perceptron results varies. Higher 
the quality of perceptron prediction, higher the accuracy rate. 
 

 
Fig 6. Neural actuator for DPNN 

4.6   Performance Metrics 

The efficiency of the proposed approach is calculated by Accuracy, Sensitivity, Specificity and MCC. Tp 
indicates the number of true positives, Tn represents number of true negatives, Fp represents the number of false 
positives, and Fn represents the number of false negatives 
Accuracy is calculated as per the obtained prediction with respect to the actual prediction and given in Eq.(7). 
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                   (7) 
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Sensitivity determines how well the proposed system classifies PD from the given classification and given in 
Eq.(8). 

                                                        
np

p

FT

T
Sen


                                 (8)  

Specificity detects of all who are healthy, how many are correctly classified as healthy and given in Eq.(9). 
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n
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                           (9) 

   
Mathew’s correlation constant (MCC) to find out the correlation between the input data and the output data and 
formula is given in Eq.(10). The correlation coefficient is likely to be near to the value of 1. If Value of MCC is 
1, then it indicates the correlation is higher. If the value is -1, then no correlation between predicted label and 
actual label.  Other than that the values related to the MCC shows the correlation factors between the input and 
output.  
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  (10)   

 

5. Results and Discussion 

5.1 Feature Extraction Results 

(a) (b)

(c) 
(d) 

 
(e) 

 
(f) 

 
Fig. 7. Simulation of various Audio processing steps a) Input voice signal of healthy person, b) Input voice signal of PD patients, (c) 
MFCC of healthy person, (d) MFCC of PD patient, (e) GFCC of healthy person (f) GFCC of PD patient 
 

The normal audio signal at various frames are compared with the Parkinson affected spectrogram data. Through 
levels of filtering applied by the Convolution neural network, the spectrogram data is processed effectively. The 
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classified results segregate the Parkinson’s disease and normal voice pattern accordingly. Figure 8 shows the 
Spectrogram generated for various audio input samples. The vertical axis represents frequency bins in hertz and 
horizontal axis gives time representation of a signal. 

 

5.2 Experimental results 

 
        

                                                                                              (a)                                                            
 

 
(b) 

   

 
(c) 

 
(d) 

                                                                                                                                    
Fig.8.  Generated spectrogram images of audio signal  

a) Input audio waveform of healthy sample b) Input audio waveform of Parkinson’s sample 
c) Log-frequency spectrogram of healthy samples  d) Log-frequency spectrogram of Parkinson’s samples 
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Mel filter banks can be built after obtaining the Mel scale conversion. Figure 9 depicts the obtained Mel filter 
bank, and Figure 10 depicts the Mel-Spectrograms derived from this Mel filter bank.  
 

 
Fig.9.  Obtained Mel filter Bank 

 

 
(a) 

 
(b) 

Fig.10.  (a) Mel-Spectrograms generated for healthy Samples (b) Mel-Spectrograms generated for PD samples 

 
Table 5 Shows the Comparison of accuracy, sensitivity, specificity, MCC of various test iterations conducted for 
normal input and Parkinson vocal inputs on various machine learning and deep learning networks.  
 

Test Accuracy Specificity Sensitivity MCC 
1 0.925 0.500 0.786 0.998 

2 0.922 0.912 0.865 0.997 

3 0.931 0.901 0.889 0.996 
4 0.934 0.892 0.896 0.998 

5 0.935 0.889 0.910 0.988 

6 0.933 0.912 0.922 0.978 
7 0.931 0.920 0.900 0.945 

8 0.938 0.877 0.891 0.964 

9 0.940 0.901 0.847 0.965 
10 0.940 0.911 0.930 0.988 

 
Table. 5. Comparison of Obtained Results 
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The Proposed work is compared with Genetic algorithm combined with Support Vector Machine, K-nearest 
neighbor algorithm with Bi-Long Short Term Memory, Squirrel Search Water Cycle Algorithm with Attention 
based LSTM is given in Table 6. Comparison chart of various performance metrics are given in Figure 11. 
 

Metrics GA+SVM KNN 

WST-

SVM+ 

BiLSTM 

SSWA+A 

LSTM 

Proposed 

(FFR+DN) 

Accuracy 0.754 0.805 0.874 0.925 0.940 

Sensitivity 0.795 0.824 0.895 0.934 0.932 

Specificity 0.745 0.795 0.865 0.914 0.915 

 
Table 6: Comparison of various existing implementation with proposed Novel FFR+DN 

 

 
 

Fig.11. Comparison of Accuracy, Sensitivity and Specificity at various test sequences 
 

Higher the correlation score then, higher the performance of the CatBoost Regression algorithm would be 
obtained.  The average value of 0.99 is achieved with the proposed CBR model using the Parkinson’s audio 
feature data such as sharpness, roughness and fluctuation strength. These parameters act as an unique statistical 
measures for the analysis. Figure 12 gives the MCC after CatBoost regression. 
 

 
Fig. 12. Mathew’s correlation coefficient after CBR mode 

Conclusion 

Parkinson disease is considered as one of the frequently occurring problem, slow and resilient changes 
of neuro-degenerative issues over time. The problem persists with the person and directly impact the normal 
behavior of the patients. This disease need to be detected in the early stages in order to enhance the survival 
capability of the patients. This paper gives an original streamlining driven classifier for deciding PD considering 
the voice signals and voice information. Here, the voice signal is thought of as information. The benefit of Dual 
Perceptron Neural network, Deep Convolutional Neural Network and CatBoost Regression Algorithm 
incorporated here provides good prediction of Parkinson disease with accuracy of 0.94. The average correlation 
coefficient using MCC is almost nearer to 1. Based on features extracted from MFCC and GFCC along with 
Spectrogram images, prediction of PD is classified with better sensitivity of 0.932. Further the proposed work 
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can be enhanced by exploring the baseline features, spectral features and various types of spectrogram with 
ensemble models to provide even better prediction quality. 
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