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Abstract: This work describes a method used to classify
voice signals as normal or pathological. Voices were chosen
from the KAY ELEMETRICS CORP Voice Disorders
Database. The process of characterization of the voices as
normal or pathological was done using classical acoustic
analysis characteristics. Individual features gave false
positive and false negative rates ranging from 15% up. By
using three features simultaneously false positive and false
negative rates of 13% and 15%, respectively, were obtained.
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1. INTRODUCTION

The human wvoice is an efficient means of
communication. Unfortunately various pathologies hinder
verbal communications. Acoustic analysis has been useful in
assisting voice professionals in detecting voice pathologies.

One very positive point in acoustic analysis is the fact
that it is a noninvasive measurement. This reduces the
patient’s resistance to the treatment. Invasive measurement
can be quite uncomfortable, and therefore creates more
resistance of the patient toward this.

Various studies have been published in the last several
years suggesting methods for classifying voices into normal
or pathological. In general, these methods use the classical
approach, using pitch and amplitude variations, plus the
presence of sub-harmonic components and signal distortion
[1-2].

Several other techniques have been proposed, like glottal
noise estimation [3-5]; time-frequency parameter extraction
[6] wavelet transformations [7-8] and others based on the
linear prediction model, and cepstral parameters [9-20].

Unfortunately, researchers have not come to a consensus
as to which acoustic features are best suited to discriminate
between normal and pathological voices, leaving the field
wide open to additional research. This work investigates the
combination of features of classical acoustical analysis of
voice signals in the attempt of increasing the correct
classification of voices.

2. OBJECTIVES

This work aims to characterize pathological voice
signals, by way of classical acoustic analysis, combining

several features. Algorithms have been developed to process
voice signals, from the KAY ELEMETRICS CORP Voice

Disorders Database, using three or five features
simultaneously in the classification as normal or
pathological.

3. ACOUSTIC ANALYSIS

The following acoustic features were analyzed: APQ,
ATRI, Fatr, Jita, Jitt, NHR, PPQ, RAP, sAPQ, ShdB, Shim,
sPPQ, vAm, VTI (fourteen in all). For each feature, the
Receiver Operating Characteristic curves were calculated
and plotted, the EER (Equal Error Rate) threshold (ie, the
point for which the false positive rate equals the false
negative rate) was calculated, along with the AUC (Area
Under the Curve). The optimum False Positive and False
Negative rates were also calculated based on the EER
threshold.

From this group, the features with the highest AUC and
the lowest EER were chosen. Those were: Jita, NHR, RAP,
SAPQ, and ShdB. They were, then, calculated together using
a majority vote algorithm.

It was observed that the features that are of short-term
duration gave higher AUC than those of long-term duration.
The meaning and method of calculation of each feature is
described below.

APQ - Amplitude Perturbation Quotient /%/ - is the
relative evaluation of the period-to-period variability of the
peak-to-peak amplitude within the analyzed voice sample at
smoothing of 11 periods.
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Eq. 1

where: A(i), i=1,2.N is the extracted peak-to-peak
amplitude data, and N is the number of extracted impulses.
Jita - Absolute Jitter /usec/ - An evaluation of the period-

to-period variability of the pitch period within the analyzed
voice sample. Jita is computed from the extracted period-to-
period pitch data as:

]lta — ﬁz{\/:—llp"o(l) — To(i+1)| Eq 2
where: To(i), i=1,2...N - extracted pitch period data,

N = PER - number of extracted pitch periods.



NHR - Noise-to-Harmonic Ratio - Average ratio of the
inharmonic spectral energy in the frequency range 1500-
4500 Hz to the harmonic spectral energy in the frequency
range 70-4500 Hz. This is a general evaluation of noise
present in the analyzed signal.

RAP - Relative Average Perturbation /%/ - is the relative
evaluation of the period-to-period variability of the pitch
within the analyzed voice sample with smoothing factor of 3
periods.
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where: To(i), i=1,2...N is the extracted pitch period data, N
= PER is the number of extracted pitch periods.

SAPQ - Smoothed Amplitude Perturbation Quotient /%/
- Relative evaluation of the short- or long-term variability of
the peak-to-peak amplitude within the analyzed voice
sample at smoothing factor of 55 periods.
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Eq. 4

where: A(i), i=1,2..N is the extracted peak-to-peak
amplitude data, N is the number of extracted impulses and
sf - smoothing factor.

ShdB - Shimmer in dB /dB/ - Evaluation in dB of the
period-to-period (very short-term) variability of the peak-to-
peak amplitude within the analyzed voice sample. ShdB is
computed from the extracted peak-to-peak amplitude data
as:

i+1
shdB = 383 2010 (A7, )] Ea.5
where: A(i), i=1,2..N is the extracted peak-to-peak
amplitude data, and N is the number of extracted impulses.

4. ANALYZED VOICES

The voices that were used were selected from the KAY
ELEMETRICS CORP Voice Disorders Database [21]. This
database consists of over 700 subjects (53 subjects with
normal voices and 657 subjects with pathological voices).
Each subject recorded a sustained vowel for up to 3 seconds
and the first few seconds of the “Rainbow Passage”. The
voice samples were recorded in a sound-proof booth using a
condenser microphone placed at 15 cm from the mouth. All
recordings were sampled at 44.1 kHz on a DAT-recorder
and later resampled to 25 kHz or 50 kHz and saved in files
on the computer.

In this work, samples were chosen from the sustained
vowel collection. The selected files are listed in the
Appendix.

5. METHOD

For each of the fourteen features, the EER (Equal Error
Rate) and the AUC (Area Under the Curve) was calculated.
The six features that resulted in the lowest EER and highest

AUC were chosen for the second part of the study. The
ROC curves are presented in Figures 1 through 6.
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Figure 1 — APQ ROC curve plot.
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Figure 3 — Noise to Harmonics Excitation Ratio ROC curve plot.
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Figure 4 — RAP ROC curve plot.
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Figure 5—sAPQ ROC curve plot.
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Figure 6 — ShdB ROC curve plot.

The resulting values of EER and AUC for the selected
features are presented in Table 1, along with the number of
voice signals used in each calculation.

Table 1 - EER in % and AUC

#
Feature EER% | AUC .
Voices
APQ - Amplitude
Perturbation Quotient 15291092 221
Jita - Absolute lJitter 17.12 | 0.90 221
NHB - Noise to Harmonic 20.79 | 0.89 271
Ratio
RAP - Rela1.t|ve Average 2352 | 0.85 | 221
Perturbation
sAPQ - Smoothed Amplitude
20. . 21
Perturbation Quotient 0.98 | 0.89 8
ShdB - Shimmer in dB 17.12 | 0.92 221

Next, the EER% was used to calculate the EERT (Equal
Error Rate Threshold), the FP (False Positive) and FN (False
Negative) values, as presented in Table 2.

Table 2 — Individual feature values.

Feature EERT FP FN
APQ - Amplitude 231 | 1509 | 15.48
Perturbation Quotient
Jita - Absolute litter 42.73 | 16.98 17.26
NHR - Noise to 0.13 20.75 20.83
Harmonic Ratio
RAP - Relative Average | 0.45 22.64 24.40
Perturbation
sAPQ - Smoothed 3.58 20.75 21.21
Amplitude
Perturbation Quotient
ShdB - Shimmer in dB 0.28 16.98 17.26

6. EXPERIMENTAL RESULTS

The three features with the highest AUC and lowest EER
were selected and were evaluated collectively, using a
majority vote algorithm. Results are presented in Table 3.
By evaluating the features together, the FP (False Positive)
rate was reduced by 2% (in relation to the best individual
score) and the FN (False Negative) rate was maintained.

Table 3 — Three features evaluated together

Feature EERT FP FN
APQ - Amplitude
Perturbation Quotient 2:31 15.09 15.48
Jita - Absolute lJitter 42.73 16.98 17.26
ShdB - Shimmer in dB 0.28 16.98 17.26
Calculated together ! 13.21 15.48

! The 3 individual EERTs were used for each feature,
and the majority vote algorithm calculated the combined FP

and FN rates.




The last part was to make groups of five features and
evaluate them collectively, using the majority vote
algorithm. Results are presented in Table 4 and Table 5. For
Table 4, HNR and sAPQ were added to the features in Table
3. For Table 5, SAPQ was substituted for RAP.

It can readily be seen that there was an increase in the
False Negative rate in both attempts. The False Positive rate
was only as good as the results with three features (Table 3).

Table 4 — Collective evaluation of APQ, Jita, NHR, SAPQ and ShdB

Feature EERT FP FN
APQ - Amplitude Perturbation | 2.31 | 15.09 | 15.48
Quotient
Jita - Absolute lJitter 42.73 | 16.98 | 17.26
NHR - Noise to Harmonic 0.13 | 20.75 | 20.83
Ratio
sAPQ - Smoothed Amplitude 3.58 | 20.75 | 21.21
Perturbation Quotient
ShdB - Shimmer in dB 0.28 | 16.98 | 17.26
Calculated together 2 13.21 | 16.97

Table 5 — Collective evaluation of APQ, Jita, NHR, RAP, and ShdB

Feature EERT | FP FN
APQ - Amplitude Perturbation | 2.31 | 15.09 | 15.48
Quotient
Jita - Absolute lJitter 42.73 | 16.98 | 17.26
NHR - Noise to Harmonic 0.13 | 20.75 | 20.83
Ratio
RAP - Relative Average 0.45 | 22.64 | 24.40
Perturbation
ShdB - Shimmer in dB 0.28 | 16.98 | 17.26
Calculated together 2 13.21 | 18.45

7. CONCLUSIONS

Acoustic analysis can help gather information about a
speaker’s voice in a noninvasive manner. This information
can be used in the classification of voices as being normal or
pathological. The features that are calculated based on the
short-term interval produce a more accurate classification.

Combining the three features with the lowest EER in a
majority vote classifier results in a lower EER than any of
the features measured individually. Combining five features
simultaneously doesn’t give us a higher accuracy,
presumably because of the much higher EER of the added
features.
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APPENDIX — Files used

List of Normal Files used

Normal Voices

Not used for

LDPINAL.NSP

SLCINAL.NSP

DMAINAL.NSP

MXB1NAL.NSP

ATRI, Fatr

HBLINAL.NSP

DAJINAL.NSP

Fatr

JEGINAL.NSP

MCBI1NAL.NSP

ATRI, Fatr

MXZ1NAL.NSP

ATRI, Fatr

AXHINAL.NSP

ATRI, Fatr

JANINAL.NSP

ATRI, Fatr

LLAINAL.NSP

CADINAL.NSP

JAFINAL.NSP

JTHINAL.NSP

EDC1NAL.NSP

Fatr

SCKINAL.NSP

ATRI, Fatr

DFP1NAL.NSP

SEBINAL.NSP

MAMINAL.NSP

ATRI, Fatr

NJSINAL.NSP

SCTINAL.NSP

ATRI, Fatr

JAP1INAL.NSP

LADINAL.NSP

PBDINAL.NSP

CEBINAL.NSP

JKRINAL.NSP

JXCINAL.NSP

LMVINAL.NSP

ATRI, Fatr

VMCINAL.NSP

LMWINAL.NSP

BJVINAL.NSP

MJUINAL.NSP

FMBINAL.NSP

MFM1NAL.NSP

OVKINAL.NSP

DWSINAL.NSP

ATRI, Fatr

BJBINAL.NSP

PCAINAL.NSP

SISINAL.NSP

DJGINAL.NSP

MASINAL.NSP

SXVINAL.NSP

TXNINAL.NSP

WDKINAL.NSP

ATRI,

Fatr

GPCINAL.NSP

RHMINAL.NSP

EJCINAL.NSP

ATRI,

Fatr

JMCINAL.NSP

RISINAL.NSP

ATRI,

Fatr

GZZ1NAL.NSP

KANINAL.NSP

RHGINAL.NSP

List of Pathological Fil

es used

Pathologiocal Voices

Not used for

MXN24AN.NSP

NJSO6AN.NSP

ATRI,

Fatr

SEC02AN.NSP

TPP24AN.NSP

LJHO6AN.NSP

LLM22AN.NSP

TLP13AN.NSP

ATRI,

Fatr

DBF18AN.NSP

LACO02AN.NSP

RJZ16AN.NSP

WJIBO6AN.NSP

KMC22AN.NSP

ATRI,

Fatr

SWS04AN.NSP

ATRI,

Fatr

GMSO05AN.NSP

ATRI,

Fatr

KMWO5AN.NSP

ATRI,

Fatr

SLC23AN.NSP

ATRI,

Fatr

ESSO5AN.NSP

ATRI,

Fatr

MECO06AN.NSP

ATRI,

Fatr

EEDO7AN.NSP

SAV18AN.NSP

ATRI,

Fatr

DMPO4AN.NSP

KABO3AN.NSP

ATRI,

Fatr

LWR18AN.NSP

LGMO1AN.NSP

ATRI,

Fatr

MEC28AN.NSP

SAC10AN.NSP

ATRI

, Fatr

SMAO8AN.NSP

LXCO01AN.NSP

MABO6AN.NSP

SHDO4AN.NSP

JXF11AN.NSP

ATRI

, Fatr

NMC22AN.NSP

PMFO3AN.NSP

SAEQ1AN.NSP

WCB24AN.NSP

KACO7AN.NSP

HLM24AN.NSP

NML15AN.NSP

ATRI,

Fatr

JEG29AN.NSP

JLD24AN.NSP

MCAO07AN.NSP

DMCO3AN.NSP

ATRI,

Fatr

EMP27AN.NSP

JCRO1AN.NSP

ATRI,

Fatr

JMC18AN.NSP

KCG23AN.NSP

SBF11AN.NSP

AXD19AN.NSP

ATRI,

Fatr

KCG25AN.NSP

ATRI,

Fatr

LVD28AN.NSP

MCW21AN.NSP

ATRI,

Fatr

VAWO07AN.NSP

ATRI,

Fatr, SAPQ, sSPPQ

EAB27AN.NSP

KTJ26AN.NSP

LXCO6AN.NSP

MRC20AN.NSP ATRI, Fatr
NMV07AN.NSP ATRI, Fatr
TLSO9AN.NSP ATRI, Fatr

BSG13AN.NSP

DSW14AN.NSP

LAD13AN.NSP

JPP27AN.NSP

JXC21AN.NSP

KDB23AN.NSP




KLD26AN.NSP

ATRI,

Fatr

LAPO5AN.NSP

JTMOSAN.NSP

MPS09AN.NSP

NMB28AN.NSP

ATRI,

Fatr

PLWI14AN.NSP

FMR17AN.NSP

ATRI,

Fatr

JXD30AN.NSP

KLCO6AN.NSP

KMS29AN.NSP

KXB17AN.NSP

ATRI,

Fatr

LBA15AN.NSP

DRC15AN.NSP

GMMO09AN.NSP

ATRI,

Fatr

. SAPQ, sPPQ

GXL21AN.NSP

ATRI,

Fatr

LBA24AN.NSP

RJIL28AN.NSP ATRI, Fatr
AMCI14AN.NSP ATRI, Fatr
MPF25AN.NSP ATRI, Fatr
EJH24AN.NSP

JRF30AN.NSP

CRM12AN.NSP

DVD19AN.NSP

EECO4AN.NSP

GDR15AN.NSP ATRI, Fatr
RJIF22AN.NSP

GXT10AN.NSP ATRI, Fatr
HXI29AN.NSP

JHW29AN.NSP ATRI, Fatr

MAMO8BAN.NSP

CMAO6AN.NSP

MFC20AN.NSP

WEFC07AN.NSP

PMD25AN.NSP

WST20AN.NSP

KLCO9AN.NSP

ALB18AN.NSP

SLGO5AN.NSP

ATRI,

Fatr

RPJ15AN.NSP

CAK25AN.NSP

RPO20AN.NSP

MPB23AN.NSP

SAPQ, sPPO

WJP20AN.NSP

JCC10AN.NSP

CLS31AN.NSP

LAIO4AN.NSP

ATRI,

Fatr

NLCO8AN.NSP

ATRI,

Fatr

RMBO07AN.NSP

CAC10AN.NSP

ATRI,

Fatr

DSC25AN.NSP

NFGO8AN.NSP

RCC11AN.NSP

AXT13AN.NSP

ATRI,

Fatr

BAH13AN.NSP

HJHO7AN.NSP

ATRI,

Fatr

LJS31AN.NSP

ATRI,

Fatr

MXC10AN.NSP

ATRI,

Fatr

EWWO5AN.NSP

ATRI,

Fatr

RXPO2AN.NSP

SEKO6AN.NSP

GSB11AN.NSP

RJR15AN.NSP

ATRI,

Fatr

BEFO5AN.NSP

ATRI,

Fatr

KJIB19AN.NSP

RXM15AN.NSP

CMR26AN.NSP

JLS11AN.NSP

ATRI,

Fatr

SID28AN.NSP

LNC11AN.NSP

ATRI,

Fatr

DAP17AN.NSP

PAT10AN.NSP

SEG18AN.NSP

BKB13AN.NSP

PGB16AN.NSP

ATRI,

Fatr

CTB30AN.NSP

LXR15AN.NSP

TDH12AN.NSP

ATRI,

Fatr

WXEO04AN.NSP

BLBO3AN.NSP

PMC26AN.NSP

RWC23AN.NSP

HXL58AN.NSP

MWD28AN.NSP

ATRI,

Fatr

BPFO3AN.NSP

LRD21AN.NSP

NKRO3AN.NSP

ATRI,

Fatr

RTL17AN.NSP

SCC15AN.NSP

TPS16AN.NSP

ATRI,

Fatr

DAS30AN.NSP

EAS15AN.NSP

JEN21AN.NSP

ATRI,

Fatr

RHP12AN.NSP

SEF10AN.NSP

MRB11AN.NSP

PDO11AN.NSP

JAPO2AN.NSP

KPS25AN.NSP

DJPO4AN.NSP

ATRI,

Fatr

OAB28AN.NSP

AOS21AN.NSP

DWKO4AN.NSP

FXC12AN.NSP

ATRI,

Fatr

EAS11AN.NSP




