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ABSTRACT

Research using speech from people with Parkinson’s disease (PD)
has shown a significant progress in classification studies. Due to
the ease of acquisition and availability of established research
protocols from applications like speaker recognition, speech
processing has generated substantial research interest. A plethora
of research studies have focused on developing objective
classification models using sustained phonations and features
developed using known signal processing methods. In this study,
we focused on using connected speech with pitch synchronous
segmentation and convolutional autoencoders to develop a model
that can automatically extract the features and provide reliable
classification. This methodology also aims at bypassing data
availability issues by making use of standardized TIMIT dataset for
training autoencoders. With Logistic regression and Linear SVM,
we achieved 85% classification accuracy using the features from
autoencoders. A mean accuracy of 84% is obtained under leave one
subject out (LOSO) classification indicating the performance
reliability for completely new data.
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1 INTRODUCTION

Research using speech for Parkinson’s disease (PD) detection is a
field of growing popularity due to the ease in data acquisition and
processing. PD is a neurodegenerative disease that affects the
production of dopaminergic neurons [1]. This results in many
motor and non-motor symptoms like tremors, freezing of gait
(FoG), dysarthria, dysphonia, sleep disorders, dementia, and
depression [2]. The subjective rating scales like Unified
Parkinson’s disease rating scale (UPDRS) and Hoehn & Yahr (HY)
scale play a significant role in diagnosis of PD. The disease cause,
diagnosis methods and disease progression are all under research.
Except for postmortem autopsy, there are no definitive methods
that can verify a diagnosis [3]. The symptomatic research for PD
majorly depends on analysis of data from wearable sensors for
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motor symptoms and perceptual studies for non-motor symptoms
[4].

Speech production is a result of the synchronized coordination
between cognitive and motor systems. As PD affects both systems,
it results in progressive impairment of speech [5]. Analysis of
Parkinsonian speech towards a diagnostic aid has been the active
research area. Research groups working in this field have focused
more on sustained phonations and traditional signal processing
based features [6]. While some of these studies have shown a lot of
progress in classification, other studies have shown the necessity
for using connected speech as sustained phonations cannot
represent natural speech and hence cannot yield reliable results [7,
8]. Research based on connected speech predominantly rely on
perceptual ratings from trained listeners [9, 10]. Even though these
studies include multiple listeners and show high interrater
reliability, they have been criticized for the subjectivity and
potential lack of reproducibility.

Studies based on mathematical modeling make use of features
extracted from segments of speech samples that are of fixed length,
typically close to 25ms. These features are meant to numerically
quantify various psychoacoustic parameters which are used to train
different machine learning and deep learning algorithms [11-13].
Research following this methodology have experimented with
different features, learning algorithms and hyper-parameters to
identify the optimal solution. A subset of these studies has focused
on using deep neural networks to improve PD classification.
Studies have focused on utilizing advanced -convolutional
algorithms to train neural networks on auditory spectrograms [14,
15].

In this study, we proposed a protocol for creating an advanced
version of spectrogram which can output images of fixed
dimensions despite the variations in the utterance duration in time
domain. We used these advanced spectrograms with convolutional
autoencoders (CAEs) to extract low dimensional features to be used
for PD classification. Studies using autoencoders have made use of
regular spectrograms or targeted dimensionality reduction in
feature space [13-16]. The efficacy of this architecture was tested
using logistic regression and linear support vector machines (SVM).
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Voiced portions of the connected speech bounded by silence or
unvoiced speech were analyzed in this study as it contains the
merits of both sustained phonations and connected speech. They
are close to sustained phonations in terms of spectral structure and
represent the natural speech as they are extracted from connected
speech. The voiced portion is transformed into regular and
advanced spectrograms then fed to CAE for extracting the features.
Studies that make use of spectrograms for similar application have
made use of image resizing or audio clipping to maintain uniform
dimensions across the dataset. The spectrograms have been resized
to fit into a fixed dimension in this study.

In our previous studies, we showed that features extracted from
pitch synchronous (PS) segments of the voiced portions in

connected speech have higher probability in classifying PD [17, 18].

In this study, performance between PS segmentation and block
processing has been compared. Due to the reduced availability of
data, the CAE has been trained on voiced portions extracted from
TIMIT database. The data used for PD analysis contains recordings
of two Italian passages read by both people with PD and healthy
control (HC). Next section contains further information regarding
the datasets. Details regarding the methodology including pre-
processing are discussed in Section III followed by results and
discussion in Section IV and conclusion in Section V.
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their PD symptoms prior to their study and they were receiving
antiparkinsonian treatment [21]. The HY scale ratings for all the
patients were < 4 except for two patients with stage 4 and one
patient with stage 5. The duration of each passage recording varied
between 1 to 4 minutes with a mean of 1.3 minutes.

3 METHODOLOGY

The methodology adopted in this study can be divided into four
parts: Pre-processing, autoencoder training, feature extraction and
classification.

3.1 Pre-processing

The pre-processing had been carried out in three steps for both
datasets as shown in Fig. 1. In the first step, the voiced portions of
passage recordings were extracted. These voiced portions were
transformed into images in the second and third steps. In second
step, each voiced portion was segmented using block processing or
PS segmentation. In third step, magnitude spectrum of each block
or PS segment is extracted. For regular spectrogram, the magnitude
spectrum is resized to have ‘k’ columns. For, advanced
spectrogram a second stage Fourier transform (FT) for each bin
across the ‘N’ segments was calculated as shown in Fig. 2. In the
Fig. 2, the matrix on left is magnitude spectra of time domain
segments. The array of elements in each row represent the energy
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Figure 1: Pre-processing steps
2 DATA

Two datasets have been used in this study. The TIMIT Dataset has
been used for training the CAE. This dataset contains a total of 6300
sentences, 10 sentences spoken by each of 630 speakers from 8
major dialect regions of the United States[19]. All the recordings
have been made at 16 kHz in noise free conditions.

The PD dataset was collected by Giovanni ef al. and analyzed using
automatic Speech-to-Text system for PD classification. This
dataset was made available on IEEE DataPort for research purposes
[20]. Tt contains various speech tasks including reading of two
phonetically balanced Italian passages by 50 subjects with 28 PD
(19 male and 9 female) and 22 HC (10 male and 12 female). All the
recordings were made at 16 kHz under noise-free conditions. None
of the patients reported speech or language disorders unrelated to

in the respective frequency bin for the time segments. Each row in
the matrix on right represent the magnitude spectrum of the
corresponding row in the left matrix. As the frequency resolution
(number of bins) was kept the same, ‘b’, the right matrix becomes
a square matrix with same number of rows and columns (‘b x b’).
The frequency for all the magnitude spectra was between 0 and 8
kHz (Nyquist frequency).
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Figure 2: Advanced spectrogram creation from magnitude

spectrum



In this way, both types of spectrograms are computed and saved as
images for training autoencoders for each voiced portion.
3.2 Autoencoders
Autoencoders are very powerful tools that have been used for
applications like dimensionality reduction and anomaly detection.
They map a high dimensional input (x) to a low dimensional latent
space (z) in bottle neck. This z is then used to reconstruct the
original input. The first half when x is mapped to z is called the
encoder (g : x — z) and the second part where image is
reconstructed is decoder (f : z — x). The training is done based on
a loss computed from the difference between the input image and
its reconstructed counterpart. The z is used as a set of features
representing each input for PD classification.
The autoencoders trained for this study contained 2 hidden layers
in encoder and decoder. These layers contained 32 and 64
convolutional neurons, respectively. Experiments with a greater
number of hidden layers and more neurons in each layer increased
complexity but did not reduce loss. Leaky ReLU with o = 0.2 was
used as activation for all layers. autoencoders were used for
dimensionality reduction to have the images represented by a set of
16 numbers as shown in Fig. 3. Fig. 4 and Fig. 5 show a sample
voiced portion represented as advanced and regular spectrograms
with both segmentation types. These figures also show the original
inputs created along with their reconstructions.
3.3 Classification
After pre-processing, approximately 51000 images were created
from TIMIT dataset. With two types of segmentations and two
types of input images (spectrograms), a CAE was trained four
different times. After CAE training, the images from PD dataset
were processed and their respective 16-dimensional vectors were
extracted. These vectors were used to train the two classifiers:
Logistic regression and Linear SVM.
In logistic regression, the probability of an input belonging to a
class is given by the equations:
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Where, m is the number of samples and “y’ is the correct
labels.
In Linear SVM, a hyperplane is constructed in the feature space
which has the largest distance from the data point that is closest in
each class. The convergence condition is for minimization of the
cost function given below:

min1676+CZ€ “)
0.8 2

Where, & is the slack variables which penalizes data points which
violate the margin requirements and 6 is the weight vector

The PD dataset yielded approximately 12000 datapoints/images.
These images were split into training and testing groups with 80%
and 20% of the data, respectively. To avoid conclusions drawn over

single anomalies, the classification step was repeated 10 time and
the mean values of the metrics are used for discussion.

4 RESULTS AND DISCUSSION

In all the four combinations, the autoencoders converged after
around 40 iterations/epochs while trained upon TIMIT dataset.
These encoder models delivered good reconstruction when images
from PD dataset were used. Fig. 4 shows a sample image from PD
dataset reconstructed using their corresponding autoencoders. For
the regular spectrograms, x-axis is the frequency axis.

The overall results from this study are given in Table 1. This
includes the mean of the test accuracies obtained over 10 different
iterations. Both classifiers are trained using data from male and
female groups individually and then combined. Across the different
epochs, the variance in the results was negligible with a standard
deviation ranging between +2%. Between logistic regression and
linear SVM, performance variance is minimal ranging between
*1.5%.

Table 1: Mean Accuracies

Logistic Regression Linear SVM

M F Both M F Both

Block | 81.87 | 71.56 | 77.52 | 82.28 | 73.15 | 78.3
PS | 78.68 | 71.6 | 74.08 | 78.26 | 73.32 | 74.5

Block | 89.27 | 79.39 | 80.77 | 89.04 | 79.18 | 80.53
PS | 89.36 | 85.67 | 85.07 | 89.12 | 86.13 | 85.06
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Figure 4: Advanced spectrogram example
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Table 2: Performance Comparison

Logistic Regression Linear SVM

M | F [Both | M | F [ Both

PS - Block

Regular |-3.192 | 0.124 | -3.442 | -4.018 | 0.166 | -3.798
Advanced | 0.092 | 6.278 | 4.308 | 0.084 | 6.948 | 4.532
Advanced-Regular
Block 7.394 | 7.828 | 3.248 | 6.758 | 6.026 | 2.232
PS 10.678 [ 13.982 | 10.998 | 10.86 | 12.808 | 10.562

From the results, advanced spectrograms with PS segmentation has
better result performance accuracy. Performance comparison
between PS and block processing is done in Table 2. Difference
between accuracy from PS segmentations and block processing for
regular and advanced spectrograms shows that PS segmentation has
better performance with positive values. Comparison between
regular and advanced spectrograms is shown in last two rows of
Table 2. With block processing or PS segmentation, advanced
spectrograms have better performance which is denoted by the
positive values. Overall, PS segmentation with advanced
spectrograms yielded the best performance. The ROC curves for
logistic regression and linear SVM are shown in Fig. 6.

Figure 5: ROC curves for both classifiers

To further evaluate the model performance with PS segmentation
and conditions, leave one subject out (LOSO) analysis was
evaluated. LOSO analysis is conducted for every PD subject
individually. For each one of the 28 PD subjects, a random HC
subject was chosen and set aside as test data. For training, a
balanced dataset containing 21 randomly chosen PD out of the
remaining 27 and remaining 21 HC were used. The accuracies
identified for each one of the 28 subjects is shown in Fig. 7.
Classification accuracy was identified to be more than 75% for 26
subjects out of 28.

Figure 6: Subject-wise classification accuracies from LOSO analysis
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5 CONCLUSIONS

In this study, an advanced spectrogram has been proposed and
tested using connected speech samples collected from 50 subjects.
Similar images extracted from a standardized speech database have
been used to train autoencoders that can map the image to 16
dimensional vectors. These images from PD dataset have been
mapped to 16 dimensional vectors, which were used as inputs to
train logistic regression and linear SVM classifiers to classify
between PD and HC classes. The performance has been compared
between regular and advanced spectrograms with pitch
synchronous and block processing. The results showed that
advanced spectrogram created using PS segmentation had better
classification performance than advanced spectrogram created
using block processing and regular or advanced spectrograms
created using block processing. For both classifiers, classification
accuracy of 85% is observed while the area under ROC was 0.93.
The LOSO analysis conducted to test the efficacy with a subject’s
data completely left out of training resulted in more than 75%
accuracy for 26 subjects and more than 80% accuracy for 24
subjects out of 28 subjects. Overall, this analysis showed that the
autoencoder based features extracted from advanced spectrogram
has better chance of classifying between PD and HC. Future studies
have been planned to include more data and test the classification
performance using data collected by different research groups.
Similar analysis using sustained phonations was also planned for
further investigation.
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