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Abstract—As a matter of fact, the system of human voice
production is a sophisticated biological device that can modulate
pitch and loudness. The essentials of internal and external
factors often damage the vocal folds and change the vocal voice
as a result. Thus, the consequences are well-portrayed in the
function of the body and stand of emotion. Consequently, it is
primary to identify voice changes at an early stage, deliver an
opportunity to overcome any consequence, and enhance the
patient’s quality of life. In this case, voice disorder can be
detected automatically by using Machine Learning (ML)
techniques, which is, indeed, serves as a critical role. In this
experiment, we specifically employ the Convelutional Neural
Network (CNN), and a robust CNN model: the VGG-16. In
investigating the performance of CNN in detecting disordered
speech, we used the particular Pathological Voice Disorder
(PVD) dataset, named the Respiratory Sound Database, which
comprises hundreds of sampled PVD sound files. The
experiment showed the accuracy of veice pathology detection
arouses to 92.03%.

Keywords— Pathological Voice Disorder; CNN, VGG-16,
LSTM: VTLP Method

I. INTRODUCTION

The phenomenon of Pathological Voice Disorders (PVDs)
occurs because of the excessive use of the voice. Various
professions in various work environments have been reported
due to the fact that it has been the trigger for PVD. A survey
in several countries showed that 57.7% of teachers, being the
profession that requires constant talking in their work hours,
are exposed to voice problems and did have trouble speaking
at a later age. The occurrence of voice problems for other
professions is about 28.8% [1], [2]. In PVD victims, the
primary malfunction caused by excessive use of vocal folds
would produce different and rather defected voice. Vocal folds
tend to vibrate abnormally, frequently with incomplete
closure. Ultimately, the generated speech signal of PVD
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victims is more transient. Fig. 1 providing the speech signal
(amplitudes) image visualization of healthy subjects and
subjects with PVD. Therefore, an extensive and in-depth
exploration of PVD in the speech signal can be done using the
Automatic Voice Pathology Detection (AVPD), which is
essentially developed in this study. In the initial examination
of speech sound, AVPD is considered a non-invasive
technique by some clinicians, therefore considered as a
primary scanning tool. In a practical sense, AVPD would
simplifty the work of doctors specializing in
otothinolaryngology by differentiating speech with PVD for
further examination and malpractice avoidance. Following
this notion, researchers have found that sustamed vowel in
continuous speech samples with PVD and healthy classes is a
rather tricky task [3]-[6]. Non-stationary and inherent
behavior of speech signal in a continuous manner is a specific
analysis challenge, according to Parsa and Jamieson [7] in
their study in 2001. In terms of obtaining the acoustic
characteristics, many other studies prefer the wvalue of
continuous speech rather than investigating deeper to
sustained vowels. According to Askenfelt and Hammarberg
[8], the important indicators of abnfg§mal voice quality are
based on prosodic variation (e.g. pitch and loudness) in
continuous speech. MeanvfBle, the agreed voice disorder
examples are caused by vocal fold nodules, vocal fold
paralysis, keratosis, and adductor spasmodic dysphonia[9].
Compared to the traditional methods, the Artificial
Intelligence (AI) has proved itself to be superior in terms of
computational problem-solving. The ability of Al to recognize
patterns, fuzzy model implementation, build into Artificial
Neural Network (ANN), and Support Vector Machine (SVM)
has made Al the vital aspect in the fields of Biomedical
Engineering [10]-[12]. The autonomous nature of SVM and
PVD classification makes it appropriate to be dubbed as
AVPD. And contrary to the notion of using utterance as data
in speech, the Respiratory Sound Database [13], [14] provides
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Fig 1. Amplitudes in voice samples of subjects classified as healthy (left chart), and PVD-affected (right chart) [41]

voice (hence the name Pathology Voice Disorder and “sound™
in the name) as data, which contains no utterance.

This research study is composed as follows: Section 1
explained the mechanism effect of voice with PVD in humans,
and the means using a variation of tools to identify PVD-
affected speech. Secondly, Section II briefly presented
previous works concerning PVD detection. The dataset
material that we used in this study and some baseline features
for the pre-processing technique is described in Section III.
We elucidated the results from our experiment using the
model we employed to train, namely, the Deep VGG-16 CNN.
Finally, Section V draws out the conclusion and point of
directions for future work.

II. RELATED PREVIOUS WORKS

In this study, we attempted to draw a distinction of the
speech signal with PVD and the ones that were not affected
by PVD. In this section, we also present the dataset being used
in the experiment and compared different ML techniques in
performing PVD detection.

A. Baseline Speech Features

Often reviewed speech features are the Linear Predictive
Cepstral Coefficients (LPCC), Mel-Frequency Cepstral
Coefficients (MFCC), pitch, and frequency, as all of them
have the robust representation of speech. MFCC represents
humans’ hearing mechanism, while LPCC represents humans’
speech production. Other varying speech features that are also
beneficial to be used are shimmer, jitter, HNR, glottal noise
ratio, and vocal tract tube fluctuation.

Various interdisciplinary studies, specifically psychology
and linguistics, are concerned with the mechanism of human
speech. Many of them used the Hidden Markov Model
(HMM) using prosodic features, and would later compare the
performance if the spectral features are selected [15]. In a set
of speech features, many speech features representing various
mechanism and readings of human voice would be beneficial
in the long process of understanding human voice, and
discriminate binary or multi characteristics in speech, such as
emotions [16], [17], PVD/healthy, humor/mon-humor [18],
[19], toxic/normal, ete.

In addition of this experiment, we specifically employed
Cochleagram and Hilbert Spectrum (HS). A Cochleagram is
the gammatone filter to display a non-linear, high-resolution
image representation of the timing and frequency of the sound
signal, while HS is the speech feature as a product from a non-

linear and non-stationer signal data (including voice) analysis
method called the Hilbert-Huang Transform (HHT) [20]-{22].

B. VTLP Method of Data Augmentation

In previous study of Jaitly and Hinton, a Vocal Tract
Length Perturbation (VTLP) method was used to corrupt a
sound file [23], using random warping factors chosen from
range 0.9 until 1.1. There were improvements reported their
experiment for TIMIT phoneme recognition [24].
Meanwhile, some study have been using VTLP in a large
vocabulary continuous speech recognition task for better
performance [25}-[27].
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In this experiment, we follow the experiment of Jaitly and
Hinton, only to change the purpose, not to corrupt, but to
normalize. So we used the traditional warp factor which lies
between 0.8 and 1.2. Equation (1) and Equation (2) shows the
fundamental VTLP formula.

C. The VGG-16 CNN

Interdisciplinary study over the years have reported
various experiment using ML techniques. In many of those
reports, Convolutional Neural Network (CNN) stood tall as it
frequently achieve predicted result, sometimes performing
even better than what was predicted. The golden era of CNN
begun in 2012, where eight-layered CNN was first
implemented. It contains five convolutional layer and three
fully-connected layers [28].

The said CNN model won the 2012 AlexNet competition
(was called the ImageNet back then), with an improvement of
error from 258% to 16.4% in the span of a year of
development. According to Lettvin et al. in 1959 [29], it was
reported that individual cells in visual cortex are prone to the
definite regions of the visual field, by responding to the
presence of edges with certain orientation. Lettvin et al. stated
that the neurons working together in a columnar manner to
construct a visual perception. The said behavior became the
basic of CNNs, having specialized components (as neuron
cells in visual cortex) looking for specific characteristics.

III. EXPERIMENTAL RESULT

Inspired by the studies that reported on the previous
section, CNN has a significant ability to detect PVD. A model




of CNN were applied in this experiment, namely the VGG-
16. Also, we used public dataset of RSD with healthy or PVD
affected sound files. Fig. 2 shows the flow diagram of input
data preparation for the experiment.
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Fig 2. Input Data Preparation

A. Respiratory Sound Database

In these experiments, we used the Respiratory Sound
Databa(RSD] [13], [14]. It was created by annotating 920
speech recordings of varying length, more or less, 10s to 90s.
These recordings were taken from 126 patients.
Approximately 5.5 hours of recordings have contained 6.898
rcspiratmynrcles: 1.864 crackles sound file, 886 wheezes
sound file, and 506 of both crackles and wheezes sound file.

The dataset includes both clean respiratory sounds as well
as noisy recordings that simulate real-life conditions. The
patients span all age groups, namely, children, adults, and the
elderly.

B. Speech Features Transformation

It is thought that emotional expression are still constructed
very well by the speakers, although by defected dominant in
the speech condition. In this step of experiment, we meant to
classify mentioned speech from the dataset using the notion of
Hamming windowing [30],[31].

Cochleagram follows the basic mechanism of human
ear’s, which is able to implemented Half Wave Rectifier
(HWR) to replace inner hair cells to detect the output of each
filter. The non-linear nature of the HWR simulates the change
in motion in response to the basilar membrane in the human
cochlea, into a signal that represents sound energy, while
retaining temporal information [32]-{35].

On the other hand, two-stage processes of HHT requires
Empirical Mode Decomposition (EMD) to breaks down the
speech signal into a number of Intrinsic Mode Functions
(IMF) [36], [37]. The EMD identifies and connect the dots of
the maximas and minimas (both called a set of extremas) ina
signal, through a process called cubic spline interpolation;
eventually resulting in auxiliary lines called the envelopes. A
set of envelopes is collected in an IMF, with the next
derivation depends on the previous IMF [38]-[40].

All speech features were transformed into Hilbert
Spectrum (HS) and Cochleagram. Fig. 3 shows the
Cochleagram features of PVD-affected sound files and its
healthy class, while Fig. 4 shows the HS features of sound files
by the chest location.

Fig 3. Cochlea features of a) URTL b) Asthma, ¢) LRTL d) COPD,
¢) Bronchiectasis, f) Bronchiolitis, g) Pneumonia, h) Healthy
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Fig 4. Hilbert Spectrum of a) Anterior Left, b) Anterior Right,
¢) Right Posterior, d) Trachea

C. The VGG-16 CNN

Together but in separate process, both HS and
Cochleagram undergone the CNN build, resulting in different
classification accuracy. We also prepared another ML
techniques in comparison of the VGG-16 CNN performance,
namely the Long Short-Term Memory (LSTM), Random
Forest (RF), Neural Network (NN), and SVM.

This sub-section deliberately elucidate our schematic and
mathematical concern behind the employed VGG-16 CNN.
Consider a layer y = f(x). We wanted to discover which x
components influence which y components. We also assume
that this is relatable in terms of the receptive field. So, the
output component ¥i ", j" depends only on the input
components xi, j where (i, j) € Q(i",j"). The set Q(i", j") is
arectangle defined in the Equation (3) and Equation (4).
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where (ay,@,) is the stride, (B, B,) the offset, and
(Ap, Ay) the receptive field size.
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Layer (Type) Output Shape Param #
block3_convl (Conv2D) None, 8, 8,256 205,168
block3 conv2 (Conv2D) None, 8, 8, 256 590,080
block3 conv3 (Conv2D) None, 8, 8, 256 590,080
block3 pool (MaxPooling2 D) None, 4, 4,256 0
block4 convl (Conv2D) None, 4, 4,512 1,180,160
block4_conv2 (Conv2D) None, 4, 4,512 2,359.808
block4_conv3 (Conv2D) None, 4, 4,512 2,359.808
block4_pool (MaxPooling2 D) None, 2,2,512 0
block5_convl (Conv2D) None, 2,2,512 2,359808
block5_conv2 (Conv2D) None, 2,2,512 2,359.808
blockS_conv3 (Conv2D) None, 2,2,512 2,359808
blockS_pool (MaxPooling2 D) None, 1,1,512 0
flatten None, 512 0
fcl (Dense) None, 4096 2,101,248
fc2 (Dense) None, 4096 16781312
predictions { Dense) None, 8 32,776

Total params 33,630,024

Trainable params 33,591,304
Non-trainable params 38,720
TABLE IL F-SCORE MATRIX

F-score
Method 1 2 3 4 5 6 7 &
VGG-16 0.01 0.11 0.01 097 0.18 022 0.01 0.01
NN 0.01 0.09 0.01 0.88 0.13 017 0.00 0.00
RF I 0.01 0.03 0.00 087 0.01 0.11 0.00 0.00
SVM 0.01 0.01 0.01 0.91 0.11 0.53 0.55 0.00
LSTM 0.00 0.00 0.00 0.82 0.00 0.01 0.00 0.00

D. Result and Discussion

At the evaluation stage, every performance result of the

Fig 5. A schematic of the Deep VGG-16 CNN architecture

Fig. 5 shows the schematic of VGG-16 CNN used in this
experiment, while Table I explained the schematic of the
VGG-16 CNN in detail. Our VGG-16 CNN apply the number
of Cochlea and HS frames to be tuned as a hyperparameter.

TABLE L SUMMARY LOG OF BUILT VGG-16 CNN
Layer (Type) Output Shape Param #
input_1 (Input Layer) None, 32,32,3 0
blockl_convl {Conv2D) None, 32,32, 64 1,792
blockl_conv2 (Conv2D) None, 32,32, 64 36,928
block1_pool (MaxPooling2D) None, 16, 16, 64 0
block2_convl (Conv2D) None, 16, 16, 128 73,856
block2_convl {Conv2D) MNone, 16, 16, 128 147,584
block2_pool (MaxPooling2D) None, 8, 8, 128 0

ML techniques is evaluated. We used the Contusion Matrix
(CM) to produce the evaluation result. Fig. 7 shows the CM
result of part of PVD, Chronic Obstructive Pulmonary
Disease (COPD) vs non-COPD class (along with healthy
class) with Cochleagram as the speech features, while Fig. 8
shows the same only with Hilbert Spectrum as the speech
features. Table II elaborated each Fl-score for every PVD
classes (the same sequence as in Fig. 3) using every tested
ML techniques. The CM shown in Fig. 7 evaluates thdZuality
of the output of a classifier on the COPD-affected dataset.
The diagdPll elements represent the number of points for
which the predicted label is equal to the true label, while off-
diagonal elements are those that are mislabeled by the
classifier. The higher the diagonal values of the confusion
matrix are the better, indicating many correct predictions. In
Fig. 9, the number of PVD detection accuracy has reached
92.03% using Cochleagram features, and 91.30% using HS
features as in Fig. 10.




Fig 6 Confusion Matrix of COPD vs non-COPD with Cochleagram
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Fig 7 Confusion Matrix of COPD vs non-COPD with Hilbert Spectrum

Cochleagram training and validation accuracy

1.01
09
084
" 0.71
8
B 061
0.51
0.44 ®  Training
—— Validation
034 N Accuracy : 92.03%
0 20 40 60 80 100
Epochs

Fig 8. Training and Validation Accuracy using Cochleagram

In this work, we showed that more developed CNN for
the PVD classification in the form of VGG-16 CNN are
statistically significant predictors of many cases of PVD
classes, including healthy class. The validation accuracy
dropped by 0.73% when using different speech features. This
result occurs because the visual feature might be, have an
association between visual emphysema (a long-term

progressive disease of the lungs) and another disease that can
not be reach by voice.

Hilbert Spectrum training and validation accuracy
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Fig 9. Training and Validation Accuracy using Hilbert Spectrum

IV. CONCLUSION

In this paper, we have shown the superiority and the
general ability of CNN in PVD-affected speech detection.
Specific for the experiment, we adopted the robust CNN
model, namely the VGG-16 CNN. During the experiment, we
feel the need of applying the VTLP as the warping technique,
since it eliminates speaker’s variability based on vocal tract
length. We also prepared the data to be transformed to HS
and Cochleagram, which has the sole purpose to replicate the
mechanism of human hearing system.

This paper presents the result of detection accuracy
achieved 92.03%, using Cochleagram and specifically
designed VGG-16 CNN. In the future, we suspect the
performance result can be improved in its accuracy using
ML-based feature selection.
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