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ABSTRACT:

This study examines acoustic cues to voicing contrasts in French consonant—vowel-consonant—vowel sequences
containing fricatives. We introduce an aperiodicity metric derived from the YIN difference function and evaluate
its ability to capture voicing properties in controlled, noise-free speech materials. Results show that the proposed
measure enables reliable, objective classification of fricatives as voiced or unvoiced. When combined with a con-
ventional acoustic feature (root mean square amplitude), the metric provides complementary information and
supports accurate classification (approximately 83% overall) among unvoiced fricatives, voiced fricatives, and
vowels using standard classifiers. These results demonstrate that aperiodicity-based cues offer a valuable addition

to established spectral and amplitude-based features for detailed phoneme characterization.
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I. INTRODUCTION

Fricatives are produced by creating a narrow constric-
tion in the vocal tract that generates turbulent airflow. When
this turbulence is accompanied by periodic vocal fold vibra-
tion characterized by a fundamental frequency (fy) typically
below 500 Hz, the segment is typically classified as a voiced
fricative; in the absence of such vibration, it is voiceless.
Voicing contrasts in fricatives present a persistent challenge
for acoustic analysis because turbulent noise often masks
the low-amplitude periodic energy, and cues to voicing are
weaker, more variable, and more context dependent than in
sonorants, such as vowels (V).H‘

Existing classification methods therefore rely on multiple
acoustic cues, including spectral moments, spectral peak loca-
tions, amplitude measures, noise duration, and temporal vari-
ability.>~'? These cues are typically interpreted with respect to
articulatory and aerodynamic mechanisms. For example, the
frequency of the first spectral peak is strongly associated with
sibilance and reflects the degree of anterior tongue constric-
tion and resulting aerodynamic jet formation,"'*'* whereas
spectral moments and other broad-spectrum measures are
linked to the place of articulation.* Many of these cues there-
fore serve only as indirect correlates of voicing.

Voicing in fricatives is primarily signaled by fundamen-
tal frequency (fy), segmental duration, and low-frequency
energy. Voiceless fricatives are typically tens of millisec-
onds (or roughly 1.5-2x longer than their voiced counter-
parts), whereas low-frequency root mean square (RMS)
amplitude below 500Hz is generally 2-6dB higher
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(approximately 2-3x greater in linear amplitude) in voiced
segments.*®7'1152 1n addition to duration and RMS ampli-
tude, low-frequency spectral cues provide further information
about fricative voicing.*®!”'® The spectral centroid, or
center of gravity (COG), computed over the low-frequency
range, reflects the distribution of energy associated with
the periodic component and is typically higher in voiced
fricatives (VFr) Measures of harmonic structure also con-
tribute to voicing characterization. Cepstral peak promi-
nence (CPP) quantifies the strength of harmonic structure
embedded in the broadband frication noise and is consis-
tently higher in VFr. Relatedly, spectral harmonicity mea-
sures, such as the harmonics-to-noise ratio (HNR) provide
complementary indices of periodic energy, though they are
generally less robust than CPP in fricative segments.

The fundamental frequency (fy) is the primary acoustic
correlate of voicing. Therefore, accurate voicing analysis
depends on reliable f; estimation. The YIN algorithm?' is a
nonparametric time-domain f; estimator that is computation-
ally efficient and suitable for quasi-real-time applications,
with implementations available, for example, in the PyTHON
librosa library.?'2* Unlike traditional autocorrelation-based
methods, YIN estimates the degree of periodicity, directly
rather than relying on the autocorrelation maximum, thereby
reducing errors, such as octave or subharmonic jumps, and
improving robustness in signals with moderate noise or
spectral complexity.?’*>° Nevertheless, like other pitch
estimation methods, YIN requires quasi-periodic structure
and may exhibit reduced accuracy in signals with irregular
phonation or low signal-to-noise ratio.”**’ Empirical evalu-
ations further show that YIN maintains competitive accu-
racy at moderate-to-high signal-to-noise ratios (SNRs)
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(> 10 dB) across a range of noise conditions (e.g., babble,
street, car, factory, restaurant, and white noise), but perfor-
mance degrades below approximately 0—5 dB SNRs, consis-
tent with its reliance on quasi-periodic structure.?>~

Because YIN provides an explicit estimate of signal
periodicity in the time domain, it can be interpreted as a
time-domain counterpart to spectral or cepstral measures of
harmonic organization, such as cepstral peak prominence
(CPP). Motivated by this parallel, the present study exam-
ines a direct acoustic measure of aperiodicity derived from
the difference function underlying the YIN fundamental fre-
quency (fp) estimator.”' This measure estimates the relative
contributions of periodic and noise-like components in the
temporal signal, making it potentially well suited to detect-
ing voicing in fricatives. An additional practical advantage
is that the measure is already computed within YIN-based
estimators®! and therefore requires no additional computa-
tional cost.

Section II introduces the YIN-based aperiodicity cue.
Its application to voicing-contrast detection is then
explored in Sec. III, first under clean French speech condi-
tions (SNR > 10 dB), where the noise-like component in
fricatives primarily arises from aperiodic excitation, and
then under additive white noise at progressively lower
SNR levels down to approximately 0-5dB. Classification
is performed using standard approaches, namely, a
Mahalanobis distance classifier (MD) and a linear support
vector machine. In Sec. IV, the resulting performance is
compared with that obtained using other voicing cues
shown to be suitable for voicing-contrast detection. The
conclusion is formulated in Sec. V.

Il. APERIODICITY CUE

The aperiodicity cue x; is defined from the cumulative
mean normalized difference function computed from a dis-
crete time-signal s;, 1 < k < N, sampled at frequency f; at
time instants 7, = k/f;, using YIN-based methods, such as
p-YIN. S-YIN extends the original autocorrelation-based
YIN algorithm®' by providing reliable detection of stable
oscillations, as well as their onset, offset, and absence.
Following steps 1-3, i is evaluated on each of N,, overlap-
ping signal segments of length W, where N, <W <N.
Segments are indexed by i = 1,...,N,, and shifted by AW,
such that N,, = N/AW. The parameter T,,, denotes the
maximum expected oscillation period and N, is the corre-
sponding number of samples. Unless specified otherwise,
Tpax = 12.5 ms, W = N4y, and AW = W /4.

In step 1, the autocorrelation function (ACF) at each
time index k = (i — 1)AW + 1 is computed as

k+W /2

()= sisice (1)

J=k=W /2

with time lag 7 < 3 X N,,,,. For an aperiodic or random sig-
nal, the ACF attains its maximum at T = 0 and gradually
decays toward zero as the lag increases, without exhibiting
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any significant local maxima. In contrast, for a periodic sig-
nal with period Ty, the ACF reaches its global maximum at
7 =0 and displays a secondary maximum at T = Tp;. In
the presence of additive noise, the secondary maximum at
T = Ty is reduced, allowing the magnitude of nonzero-lag
peaks to be used as a measure of signal periodicity, which
has been explored for tasks, such as fricative classification.
However, this approach is found to be limited:*'* (i) the
amplitude of local maxima varies widely across signals, pre-
venting meaningful comparisons between signals or speak-
ers, and (ii) the strong peak at zero lag can dominate the
ACEF, leading to frequent fy-tracking errors, particularly in
noisy or weakly periodic signals.
In step 2, a difference function is defined as

kW /2

Z (Sj - sj+f)27 (2)

kW2

dk(‘l,') =

which, using Eq. (1), can be expressed in terms of autocorre-
lations:  di(t) = r4(0) + r4(0) — 2r¢(z). The difference
function estimates the period of a periodic signal by exhibit-
ing a local minimum at t = Ty 4. Unlike the ACF, which is
sensitive to amplitude variations that can artificially amplify
peaks at higher lags (t = nTy; with n =1,2,...) and can
lead to false detections or overestimations of T, the differ-
ence function reduces this bias. Consequently, it improves
the accuracy and robustness of fj; estimation by mitigating
underestimation errors.

In step 3, the difference function [Eq. (2)] is normal-
ized by its cumulative mean. The resulting cumulative
mean normalized difference function, 0 <dj(7) <1, is
proportional to the aperiodic/total power ratio and is calcu-
lated as

1 ift=0,

dk(r)/ [%id"(])] otherwise. 3)
=1

di(r) =

Nonzero time lags that minimize dj(t) are used to estimate

the period Ty 4, preventing trivial minima near zero lag from

being misinterpreted as the period. This improves the

robustness of fo, estimation by reducing overestimation due

to imperfect periodicity or strong first-harmonic resonance.
The aperiodicity measure is defined as

= mrin(d,'c(r))7 “4)

such that k; = 1 for aperiodic signals, while x; = 0 for per-
fectly periodic ones.

Figure 1 illustrates the aperiodicity cue x(¢) for a signal
s(r) consisting of a sinusoid (fy = 200Hz) with additive
standard white Gaussian noise scaled by an exponentially
increasing amplitude |x(¢)|. The corresponding theoretical
k-curve is derived as outlined in the Appendix. The results
indicate that k() effectively captures the relative degree of
aperiodicity: the instantaneous signal-to-noise ratio (SNRj)
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FIG. 1. (a) Signal s(r) consisting of a sinusoid (fy = 200 Hz) combined with
white noise of exponentially increasing amplitude |«(z)|, (b) corresponding
aperiodicity cue x(t).

decreases from 37dBatr =0s(k =0)to 11dBatr=0.8s
(k(t) = 0 = 0.4).

lll. APPLICATION AS VOICING-CONTRAST
DETECTOR

Because vocal fold vibrations are quasi-periodic under
normal conditions, this section considers the use of aperio-
dicity cue k(f) to detect voicing contrasts in consonant—
vowel—consonant-vowel (CVCV) sequences composed of
repeated consonant—vowel (CV) patterns (e.g., /sasa/).

A. Data: CVCV sequences

Normalized acoustic signals s,(¢) [Fig. 2(a)] corre-
sponding to 458 CVCV (or CI1VIC2V2) sequences, in
which consonants (C) and V were repeated (C1=C2 and
V1 =V2, so that the indices indicate repetition), were ana-
lyzed. The data came from five adult native speakers of
French (three males and two females®’) who produced the
sequences with fundamental frequencies ranging from 80 to
300 Hz. All participants reported having no speech disorder.
Recordings were made in a quiet laboratory environment at
fs = 44.1 kHz.

V segments [/a/ (spa), /i/ (see), /u/ (foot)] appeared in
all 458 CVCYV combinations. C consisted of either unvoiced
fricatives (UFr) [239 CVCV; /[/ (shoe), /f/ (foot), /s/ (sun)]
or their VFr (219 CVCV) counterparts [/3 / (treasure), /v/
(vase), /z/ (zoo)]. Measured mean * standard deviation
SNRs for CVCV segments were 12 =5 dB for C1, 21 =4
dB for V1, 13 =5 dB for C2, and 19 = 4 dB for V2. Thus,
mean SNRs were comparable across the consonant (C1, C2)
and vowel (V1, V2) repetitions, with differences remaining
within the respective standard deviations.

FIG. 2. Illustration of a CVCV sequence /[ufu/. (a) Normalized acoustic
signal s,(t), (b) aperiodicity cue (). For each phoneme, vertical lines indi-
cate boundaries (black solid) and central 40ms analysis interval (red
dotted).
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B. Phoneme acoustic cues: ¥ and A/ns

As illustrated in Fig. 2, the aperiodicity cue x(¢) was
computed for each normalized CVCYV signal s,(¢), following
the procedure described in Sec. II. Each manually seg-
mented CVCV phoneme was then characterized by its mean
aperiodicity ¥, obtained by averaging «(¢) over a centered
40ms analysis interval (AT,, with AT, > T,,.). The analy-
sis window duration (approximately 20%—60% of the seg-
ment duration; 20%-—40% for UFr), and its midpoint
placement were selected to be consistent with established
acoustic analysis practices for fricatives.>* Specifically, the
window was centered within each phoneme segment to min-
imize onset and offset boundary effects, thereby capturing
the quasi-stationary central portion of the segment.'” In
addition, for each phoneme, the RMS amplitude A.;,s was
computed over the same interval

&)

where N, denotes the number of samples corresponding to
the interval AT,. Each CVCV phoneme (or C1, V1, C2, V2)
was thus represented by a two-dimensional acoustic cue
vector ¢ = [%,Arms]T, comprising mean aperiodicity ¥ and
RMS amplitude A,ys, where the superscript T denotes the
transpose.

The resulting feature space, spanned by the cue vectors
¢ for C1 and V1 phonemes (239 UFr, 219 VFr, 458V), is
shown in Fig. 3. A similar pattern is observed for the feature
space defined by the cue vectors ¢ for C2 and V2 phonemes.
This mapping indicates that ¥ acts as a voicing identifier dis-
tinguishing voiced phonemes (V and VFr; lower k=< 0.2)
from UFr (higher ¥ = 0.2), whereas A, separates vowels
(V; higher A, = 0.3) from fricatives (VFr and UFr; lower
Amms = 0.3). To further illustrate this, Sec. IIIC evaluates
voicing-contrast classification for the three phoneme classes
(V, VFr, and UFr) based on the cue vectors c.

C. Voicing-contrast classification: V, VFr, and UFr
1. Classifiers and metrics: Mahalanobis and SVM

a. MD. For each phoneme class ¢ € {UFr, VFr, V}, let

.,cf\z)} denote the set of all cue vectors. For

+ /] 3] fal, fil, W/

& + /o I/
1€ 0.5 + /sl o /z/
0 § Q
0 0.2 0.4 0.6
Arms

FIG. 3. Phoneme feature space of C1 and V1 cue vectors ¢, comprising
mean aperiodicity ¥ and RMS amplitude A;ps.

Chottin et al.



each bootstrap iteration b = 1,...,B, a reference set R‘(Ih)
C C, containing [0.9N,| vectors was randomly selected,
with the test set defined as Tfib) = Cq\R((;’), where []
denotes the ceiling function. The reference mean vector,

b . .
ug, ), and covariance matrix, Zé”), for each class were then

computed from ’Ré” ) as

1
) = T > e (6)
| q ‘ceRf,h)
1
T = D (- u)e—n)" @
|Rq | -1 (b)
cER,

Each test vector ¢ € 7 Ezh> was classified by assigning it to
the class minimizing the Mahalanobis distance dy:

C?(b) = arg mqin dy(c, ”éb)) ®)
with
dy (e, u) = \/(c — 1) &) e - m). ©)

b. Support vector machine classifier (SVM). In order
to limit the influence of outliers on phoneme classification,
a standard soft-margin linear SVM was trained on the
subsets Ry’), where superscript b denotes again the bootstrap
iteration (Sec. IIIC1a).>'3? The full training set was

RO = U, RY = {(cr,q0)}"

i=1°
where ¢; € R? denotes the two-dimensional feature vector
and ¢; its corresponding class label. A one-vs-all scheme was
used, in which each binary classifier distinguished a single
target class from all remaining classes. For each binary sub-
problem, the labels were defined as z; € {+1,—1},
with z; = 41 for samples belonging to the target class ¢ and
z; = —1 for all other samples. The corresponding optimiza-
tion problem was

comprising N; samples,

min

1 a
®))12
—||W +C f,‘
Wiy .a®) {E Y, 2|| I ;

s.t. (WP Te,+a®)>1-¢;, i=1,...,N,,

éi207

where w(®) € R? and a!®) € R define the separating hyper-
plane, &; are slack variables, and the regularization parameter

is C > 0. A sample ¢ from the test set T = Uy TEIh) was
then assigned a binary prediction by the sign 25;’ )(¢)
=sign(f"(¢)) € {+1,-1}, with £”(c)=w"T¢ +a,
being the decision function for the gth binary classifier. This
results in a binary vector
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~ ~(b A(b ~(b
50 = (. 2, ),

from which cj<h) was obtained based on the separating
hyperplanes.

¢. Performance metrics. Classification performance for
the MD (Sec. IIIC1a) and SVM (Sec. III C 1b) classifiers,
applied to the cue vectors ¢ of the three phoneme classes
(¢ € {UFr, VFr, V}), associated with different datasets
(C1V1, C2V2, CVCYV), was assessed using up to B = 150
bootstrap resamples. For each bootstrap iteration b, a 3 x 3

(b)

confusion matrix {71[ i } | was computed, from which
v diy=1,.

class-specific precision Precg’) and recall Recg’) for class ¢

were obtained as

(b) (b)
Ng.q . Rec® Maq
(b) a (b)

Z Niyg i Ng.j

i J

(b) —
Prec ¢ =

Global performance markers: accuracy (Acc), precision
(Prec), and recall (Rec) [Acc”, Prec”, and Rec”)] for
bootstrap iteration b were then computed as

(b)
2 Moy
Acc?) =2 ,
ny
ij

1
Prec”) = 3 Z Precf]b),
q
1
(O R— (b)
Rec” = 3 Z Rec,”.
q

Convergence of the bootstrap estimates was assessed
using the cumulative mean of each performance metric, as
shown in Fig. 4 for the global accuracy Acc (SVM, MD) and
the class-specific precisions Prec, (MD). For each metric, the
final performance estimate across classes was defined as the
cumulative mean after B = 150 bootstrap replicates.

2. Classification performance

a. Influence of dataset: C1V1, C2V2, CVCV. Global
and class-specific performance metrics for phonemes from
datasets C1V1, C2V2, and CVCYV are presented in Tables I
and II, respectively. Classification performance was robust,
with metrics essentially invariant across classifiers (SVM,
MD). Moreover, the classifiers performed consistently

— 100 T 1 < 1007 - N
=X +-SVM By
? 95 f MD | & 90}‘4&--::5“
< B | 5}

= - 80 -+ UFr «o- VFr -V
< gl A , !

50 100 150 50 100 150
b b
(a) (b)

FIG. 4. Cumulative mean across bootstrap iterations b € {1,...,B} (with
B =150) for C1V1 data. (a) Global accuracy Acc (SVM, MD), (b)
class-specific precisions Prec, (MD). (a) Acc(b) (SVM and MD), (b)
Prec,(b) (MD).
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TABLE I. Global performance metrics (accuracy Acc, precision Prec, and
recall Rec in %) for the SVM and MD classifiers, computed after B = 150
bootstrap iterations for datasets C1V1, C2V2, and CVCV.

Data ClV1 C2v2 CVCV

Classifier SVM MD SVM MD SVM MD
Acc 92% 91% 77% 75% 85% 83%
Prec 90% 90% 73% 75% 82% 82%
Rec 91% 90% 75% 76% 83% 83%

across all classes, as global metrics for each dataset (C1V1,
C2V2, CVCV) exhibited similar magnitudes. For C1V1, cue
vectors ¢ yielded accurate classification, with all global
(Acc, Prec, Rec) and class-specific (Prec,, Rec,) metrics
near 90%. For C2V2, global performance decreased to
~ 75%, primarily due to VFr misclassifications, with
Prec,—vg: and Rec,_vg, dropping to 30%—-70%.

Probability distributions (Pr) of the cue vectors ¢
[Pr(%), Pr(Aus)] for phonemes (UFr, VFr, V) in C1V1 and
C2V2 (Fig. 5) show that the proposed acoustic cue k¥ exhib-
its nearly overlapping distributions across datasets. In con-
trast, Pr(A,s) for V shifts from higher values (peak ~0.5) in
C1V1 to lower values (peak ~0.2) in C2V2, increasing
inter-class overlap, particularly between VFr and V. These
results indicate that ¥ is robust to CVCV-signal normaliza-
tion, whereas normalization affects A, for vowels, consis-
tent with the qualitative behavior observed in Fig. 2 for a
representative CVCV utterance. Consequently, CVCV clas-
sification metrics fall within the range observed for C1V1
and C2V2, with global metrics near 83%.

b. Influence of added standard white noise. A noisy
signal s, (7) was generated according to

$u(t) = 54(1) + aen(t), (10)
where s,(f) denotes the normalized acoustic CVCV signal,
and n(¢)':% A/(0,1) is a white Gaussian noise process. The
scalar coefficient o, controls the noise amplitude and
thereby the resulting SNR. Concretely, o, was varied from 0
to 0.5 in increments of 0.05, yielding progressively lower
SNRs, approximately 12-0.2dB for the C1 phonemes and
21-2dB for V1. The effect of additive noise on the proposed
aperiodicity cue ¥ and the RMS amplitude A is shown in

TABLE II. Class-specific performance metrics (precision Prec, and recall
Rec, in %) for the SVM and MD classifiers, computed after B = 150 boot-
strap iterations for datasets C1V1, C2V2, and CVCV.

Class ¢ UFr VFr \%

Classifier SVM MD SVM MD SVM MD
C1V1 Prec, 92% 87% 80% 86% 98% 96%
Rec, 88% 91% 87% 80% 97% 98%
C2v2 Prec, 88% 86% 31% 68% 94% 74%
Rec, 84% 86% 57% 50% 79% 89%
CVCV Prec, 90% 87% 69% 79% 90% 83%
Rec, 87% 89% 69% 62% 91% 95%
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FIG. 5. Pr of cue vectors ¢ = [KArms]T for phonemes (UFr, VFr, V) from
datasets C1V1 (thick) and C2V2 (thin). (a) Pr(%), (b) Pr(Ams)-

Fig. 6, which plots the Pr for the phoneme classes (UFr,
VFr, V) in the C1V1 dataset for o, € {0,0.05,0.25,0.5}.
The Pr of RMS amplitude A, for vowels remained largely
invariant across tested o.-values. In contrast, the distribu-
tions associated with UFr and VFr substantially overlapped
and shifted toward the vowel distribution as the noise ampli-
tude increased. Despite this shift, the plotted Pr(Ays) curves
indicate that A, continued to separate V from fricatives
(UFr, VFr) for all examined noise levels, highlighting its
robustness to additive Gaussian noise. This robustness was
not observed for the proposed aperiodicity cue ¥. As the
noise level increased, the probability distribution for VFr
shifted from overlapping with V in the noise-free condition
to overlapping with UFr, indicating a reduced or lost ability
of ¥ to differentiate between voiced and unvoiced phoneme
classes under noisy conditions.

FIG. 6. Influence of added noise amplitude o, € {0,0.05,0.25,0.5} on Pr
of cue vectors ¢ = [KArms]T for phonemes (UFr, VFr, V) from C1VI. (a)
Pr(%), o =0, (b) Pr(Ams), o =0, (¢c) Pr(x), o, =0.05, (d) Pr(Ams),
o, =0.05, (e) Pr(x), o =025 () Pr(Ams), o =025, (g) Pr(x),
o = 0.5, (h) Pr(Ams), o = 0.5.
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These probability distribution trends explain the decline
in global performance metrics with increasing o, for both
the SVM and MD classifiers, as observed in the accuracy
Acc(o,) (70%-92%) and precision Prec(o.) (65%-90%)
shown in Fig. 7. The class-specific precision, Prec, (o), and
recall, Recq(occ), plotted for the SVM classifier in Fig. 7,
show that metrics associated with the V class remain essen-
tially invariant with respect to «,.. The precision of the UFr
class was largely preserved, whereas that of the VFr class
decreased sharply to below 10%, indicating that most VFr
phonemes were misclassified for ¢, > 0. The recall for both
fricative classes (UFr, VFr) decreased (40%-100%) with
increasing o, demonstrating reduced classifier sensitivity
and increased misclassification in noisy conditions.

IV. COMPARISON WITH OTHER ACOUSTIC VOICING
CUES

Figure 8 presents the Pr for voicing cues derived from
the CVCYV dataset other than ¥ and A, (cf. Fig. 5), as intro-
duced in Sec. I. These include segment duration T}, CPP,
low-frequency COG computed up to 500 Hz and 2 kHz, and
the HNR. The distributions of T,,, CPP, and COG up to
500 Hz exhibit significant overlap across phoneme classes
(UFr, VFr, V). In contrast, COG computed up to 2kHz and
HNR show reduced overlap for the UFr class relative to the
voiced classes (VFr, V), a behavior previously observed for k¥
[Fig. 5(a)]. These observations suggest that effective voicing-
contrast classification may be achieved using cue vectors that
combine A, with either HNR or COG up to 2 kHz, rather
than with 7,,,;, CPP, and COG, up to 500 Hz. This expectation
is confirmed by the global performance metrics of the SVM
and MD classifiers, computed after B = 150 bootstrap itera-
tions on the CVCV dataset. The results for cue vectors com-
bining A, With the proposed aperiodicity cue ¥, HNR, and
COG up to 2kHz are reported in Table III. These configura-
tions yield comparable performance levels (approximately
80%—86%). By contrast, combinations involving CPP, COG
up to 500 Hz, or T, result in lower performance (60%—79%)
and are therefore omitted from Table III.

Table III indicates that, in addition to the proposed ape-
riodicity cue ¥, both HNR and COG up to 2kHz are effec-
tive features for detecting voicing contrasts under clean

—=90°*
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Eggly ] gl
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FIG. 7. (a) and (b) Global metrics accuracy Acc(o,.) and precision Prec (o)
for the SVM and MD classifiers. (c) and (d) Class-specific metrics, preci-
sion Prec, () and recall Rec, («.), for the SVM classifier.
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FIG. 8. Pr of voicing cues for phonemes (UFr, VFr, V) from datasets
CVCV. (a) Segment duration T, (b) CPP, (c) COG up to 500 Hz, (d) COG
up to 2kHz, (e) HNR.

speech conditions. The effect of additive white Gaussian
noise on SVM and MD classifiers using cue vectors based
on HNR or COG up to 2kHz is evaluated following the
same procedure described in Sec. IIC2 for cue vectors
including %. The global accuracy metric Acc(c,.) is plotted
in Fig. 9 for HNR and COG and may be compared with the
corresponding results for ¥ in Fig. 7(a). Although classifica-
tion accuracy decreases with increasing noise amplitude o,
for all cue vectors (reaching approximately 70%), the degra-
dation is gradual with increasing o, for ¥ but markedly
more abrupt (from o, > 0.05) for HNR and COG. A similar
trend is observed for the other performance metrics. These
results suggest that the proposed aperiodicity cue % exhibits
greater robustness to moderate additive white noise than
other voicing cues, such as HNR or COG.

V. CONCLUSION

A new acoustic aperiodicity cue for fricative voicing-
contrast classification is introduced. The cue is derived from
the minimum of the cumulative mean normalized difference
function of a normalized acoustic signal, an inherent

TABLE III. Global performance metrics (accuracy Acc, precision Prec, and
recall Rec; in %) for the SVM and MD classifiers, computed after B = 150
bootstrap iterations for the CVCV dataset. Results are reported for different
cue vectors combining A,,s with either the proposed aperiodicity cue x, the
HNR, or the COG computed up to 2 kHz.

Cues [, Ams] [HNR, A ] [COG, Ay

Classifier SVM MD SVM MD SVM MD
Acc 85% 83% 84% 83% 80% 86%
Prec 82% 82% 83% 83% 78% 86%
Rec 83% 83% 81% 82% 79% 85%

Chottinetal. 4959



gg(s)». «SVM MD‘ K90 “ +-SVM - MD

Q80 1 S 80 .

o (53 i

75 | R s
3 SUCSEY I bl -== SPSG
0 0.2 0.4 0 0.2 0.4

Ol ('
(a) (b)

FIG. 9. Global metric accuracy Acc(o.) for the SVM and MD classifiers
with cue vector. (a) [HNR,ArmS]T, (b) [COG,ArmS}T up to 2kHz.

component of YIN-based fundamental frequency estimators.
Combined with RMS amplitude, this yields two-dimensional
acoustic cue vectors whose Pr indicate that UFr, VFr, and V
can be reliably distinguished. This is confirmed by global
classification performance metrics of approximately 91%
using standard classifiers (Mahalanobis distance, linear
SVM) applied to the first CV sequence of French CVCV
utterances recorded under noise-free laboratory conditions
(SNR > 10 dB for all three phoneme classes).

Analysis of the second CV sequence further shows that
the proposed aperiodicity cue is invariant to normalization,
whereas the RMS amplitude is not, resulting in a reduced
global classification performance of approximately 83% for
the full CVCV dataset. In comparison to other voicing cues,
the HNR and the COG computed up to 2kHz exhibit
voicing-contrast behavior similar to that of the proposed
aperiodicity cue, unlike commonly used features as segment
duration, CPP, or COG, up to 500 Hz. Accordingly, for the
full CVCYV dataset, classification based on HNR or COG up
to 2kHz yields performance comparable to that obtained
with the proposed cue, whereas the use of other features
leads to reduced performance (60%—80%). These findings
confirm the relevance of the proposed cue for voicing-
contrast detection under clean speech conditions.

In the presence of additive white Gaussian noise, the
aperiodicity cue for VFr increases, leading to degraded—or
under severe noise conditions, lost—fricative voicing-
contrast classification, as reflected in reduced performance
metrics. Nevertheless, the degradation remains gradual for
the proposed cue at moderate noise levels, in contrast to the
more abrupt decline observed for HNR and COG up to
2kHz. These results motivate further investigation of the
proposed aperiodicity cue across additional languages, more
diverse speech materials, and varied noise environments.
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APPENDIX: THEORETICAL APERIODICITY CUE
The signal in Fig. 1(a) is defined as

s(t) = Asin(2nfyt) + a(t)n(?), (A1)
where n(f)t-4- A(0,1) denotes standard white Gaussian
noise, i.e., the samples of n() are independent and identi-
cally distributed (i.i.d.) standard normal random variables,
and

a(t) = oge’” (A2)
represents an exponentially
envelope.

Since the sinusoid and zero-mean noise are uncorre-
lated, the ACF is

increasing noise-amplitude

A2
n(t) = 7005(27#07) + 00ty 0(7), (A3)
where the Dirac delta function, 6(t), accounts for the noise

contribution at zero lag. The time-varying noise scaling is
defined as

O = O{Oenﬂka Okt = akewa (A4)
with k denoting the discrete-time frame index.
The corresponding difference function [Eq. (2)] is
di(t) = A*(1 = cos(2nfyt)) + o (1 4 €¥7)
- 2OCkO(k+15(’L'). (AS)
The cumulative mean for T > 0 is expressed as
1 T
M(t) ==Y dj A6
(c) =~ ; k() (A6)
sin(27fyt) ) ¥ —1
=A% |1 -— 1 A7
[ 2nfyt M 2yt |’ (A7)

from which the theoretical expression of the cumulative
mean normalized difference function [Eq. (3)] follows:

I, T =0,
d,(7) = ¢ di(7) (A8)
M)’ T > 0.

Furthermore, the instantaneous signal-to-noise ratio [in
decibels (dB)] for the signal in Eq. (Al) decreases linearly
with time and is given by

42/2
SNR; = 101og |, (—é) (A9)
o

k

The parameters are A = 1, fy = 200 Hz, oy = 0.01, and
y=>5s""
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