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Abstract—The fundamental frequency (F0) in a speech signal,
which corresponds to pitch, is one of the key features involved
in a variety of speech processing tasks. Therefore, accurate F0
estimation has remained an important problem to be solved
over decades. However, this problem is difficult, especially in low
signal-to-noise ratio (SNR) conditions with unknown noise. In this
work, we propose new approaches to noise-robust F( estimation
using recurrent neural networks (RNNs). Recent F0 estimation
studies exploit deep neural networks (DNNs), including RNNs,
to classify acoustic features into quantized frequency states. In
contrast to these classification approaches, we put forward a
regression method for FO tracking, which is accomplished with
RNNs. To this end, we propose two variants. Our first model
predicts the (scalar) FO value directly from a spectrum, while
our second model predicts a target sinusoidal waveform (with
the desired F0) from the raw speech waveform.

Our experiments with the pitch tracking database from Graz
University of Technology (PTDB-TUG), contaminated by additive
noise (NOISEX-92), demonstrate the improvement of the pro-
posed approaches in terms of the gross pitch error (GPE) and
fine pitch error (FPE) rates by more than 35 % at SNRs between
-10 dB and +10 dB against a well-known, noise-robust F0 tracker,
PEFAC. Furthermore, our methods outperform state-of-the-art
neural network-based approaches by more than 15 % in terms
of both the FPE and GPE rates over the abovementioned SNR
range.

Index Terms—fundamental frequency, F0, pitch, waveform-to-
sinusoid regression, regression model, recurrent neural networks

I. INTRODUCTION

HE fundamental frequency (F0) is the lowest frequency

of a periodic signal. In the human speech production
process, motion of the vocal chords generates a glottal pulse,
which then resonates at the vocal tract cavities to generate
voiced speech. The pitch period (the reciprocal of FO) de-
termines the harmonic structure of voiced speech, while the
pitch variation over different speech sounds leads to speech
prosody. FO estimation is an essential technique for speech
analysis and generation, including speech synthesis [1], voice
conversion [2], prosody analysis [3], speech coding [4], model-
based speech enhancement [5], [6] and speaker and language
identification [7], [8]. Methods or devices that estimate FO
from short-time segments of speech are known as FO trackers.
Studies in speech signal processing have proposed a variety
of FO trackers over the past decades for FO estimation. In par-
ticular, autocorrelation-based approaches in the time domain,
such as the robust algorithm for pitch tracking (RAPT) [9],
YIN [10] and probabilistic YIN (pYIN) [11], are usually suffi-
ciently accurate in clean conditions. However, their accuracy
drops substantially in noisy conditions [12], [13], which has
motivated further research into noise-robust FO trackers. For

example, pitch estimation filter with amplitude compression
(PEFAC) [14] is an example of a successful noise-robust FO
tracker. PEFAC applies matched filters and autocorrelation
in the log-frequency domain to achieve noise robustness.
Nevertheless, the accuracy remains unsatisfactory in severe
noise conditions, such as signal-to-noise ratios (SNRs) less
than or equal to 0 dB [13], [15].

Different approaches using machine learning have also
been studied in addition to the preceding signal processing
approaches to improve noise robustness. Generative models
with Gaussian mixture models (GMMs) and hidden Markov
models (HMMs) to model FO contours are representative of
these machine learning approaches [16], [17]. Similar models
have been used not only for FO estimation from noisy speech
but also for FO generation in text-to-speech (TTS) applications
[18]. In the latter case, which is not considered in this study,
FO is generated from linguistic features rather than being
estimated from an acoustic waveform.

More recently, different variants of deep neural networks
(DNNSs) [19], such as convolutional neural networks (CNNs)
and recurrent neural networks (RNNs), have demonstrated
substantial improvements over classic generative models in
many speech classification tasks. These discriminative models
produce posterior probabilities for each state (class) for given
inputs with highly complex nonlinear mapping and can be
particularly suitable for modeling high-dimensional, correlated
data such as raw speech waveforms or spectrograms. For
FO processing tasks, the latest research exploits DNNs [20]-
[22], CNNs [13] and RNNs [20], [23] for both FO tracking
and generation. These methods classify the input acoustic or
linguistic features into quantized frequency states (similar to
the 12-semitone representation of musical notes within an
octave). Such a classification approach to FO tracking allows
the ‘plug-in’ of any classifier and can be motivated from
the insensitivity of the human auditory system to small pitch
changes: by using enough FO states, continuous variations
in FO may be replaced with a quantized version without a
noticeable difference to average listeners.

The classification approach to FO tracking, however, is not
without problems. Because of the quantized presentation, the
FO contour becomes less natural [15], [24]. There is a trade-
off between the tracking accuracy and naturalness of FO:
while a larger number of quantization levels leads to a closer
approximation to a continuous FO contour, classification errors
(i.e., prediction of the wrong FO state) are also more likely to
occur. Furthermore, not all speech applications are targeted
for human listeners. Speaker and language characterization,
microprosody analysis, and spoofing attack detection (to dis-
tinguish human speech from computer-generated speech) are



TABLE |
SELECTED BASELINEFO TRACKERS AND THE PROPOSED APPROACHES HE BOLD FONT DENOTES OUR PROPOSALTHE PRE AND POSTFPROCESSING
OPERATIONS INCLUDE FOR EXAMPLE, PREEMPHASIS FILTERING MATCHED FILTERING AND DYNAMIC PROGRAMMING.

Base Technique  Method Key Feature Observation Pre-/Po.st- Of'ln.e Unvoiced
Processing Training Class
RAPT [9]
) ) YIN [10] ) Waveform in the time domain ) . )
Signal Processing| pYIN [11] Autocorrelation Required Not Required| Continuous
PEFAC [14] Spectrum in the log-frequency domain
o DNN / CNN / RNN | Spectrum in the log-frequency domain [20] Isolated
_ | Classi cation Classi cation Waveform in the time domain [13], [22] _ _
Machine Learning Spectrum in the freauency domain Not Required Required
Regression RNN Regression pWaveform in the ?ime d}é)main Continuous

applications that may bene t from a ne-grained FO represersentation. First, in this study, both methods are compared
tation. These observations suggest that machine learning-baagainst each other and against a number of reference FO
FO tracking is more naturally cast asegressiontask rather trackers, including signal processing and machine learning
than a classi cation task. Prior literature on neural-networlkapproaches. Second, to motivate the need for regression ap-
based regression approaches to FO tracking is surprisinghpaches, Section Il provides insight into the inescapable
scarce, although there are related models in FO predictimade-off between quantization and classi cation errors in
for TTS tasks,e.g, Deep Voice 2[25]. One reason why the classication approach. To the best of our knowledge,
classi cation approaches have received more attention cowdch an analysis has not been presented in any prior work.
be related to another important subproblem on FO estimatidfinally, neither [15] nor [24] addresseaicing detectiorin a
voicing decision In classi cation approaches, voicing infor-principled way (in [24], we used aad hocthreshold approach,
mation can be represented by augmenting an additional stateere a heuristically determined, single voicing threshold was
to represent the unvoiced class, whereas regression approaelpgtied to all speakers and utterances). Due to the varied pitch
must encode the voicing information differently. range of speakers, it is generally challenging to use a common
This work is an extension of our two recent, preliminaryhreshold for everyone. Therefore, one key contribution of this
studies [15], [24], in which we introduced two types of RNNwork, inspired by similar approaches used in speech synthesis
regression models for FO estimation. Our rst approach [1%26] and speech activity detection [27], [28], is to equip our
uses the spectral magnitude to predict the (scalar) FO valmethods withadaptivevoicing detectors. Our voicing detector
directly, while our second model [24] rst maps the raws based on bi-Gaussian modeling of the outputs provided by
waveform input into a sinusoid (vector) oscillating with FOthe regression models, trained in ansupervisednanner for
FO can easily be extracted from this sinusoid using standardch recording. Therefore, it requires neither of ine training
signal processing operations (here, through autocorrelatioddta nor training labels. As an overall summary, our proposed
Importantly, neither of our approaches requires additional prapproach provides FO estimation with improvements in terms
processing or post-processing operations, such as pre-emphafsisoth noise robustness and naturalness. Therefore, it can
Itering, matched lItering or dynamic programming, which contribute to the further development of various speech ap-
are essential components of the classic signal processing-bgdetions because obtaining accurate FO contours is vital for
approaches [9], [10], [14]. Nonetheless, as a supervised, datany of the speech applications mentioned above.
driven approach, we do require a training corpus with ground-
truth FO values to train the statistical models. The key features ||. CLASSIFICATION APPROACH TOFO ESTIMATION

of the selected FO tracking approaches are summarized irbNN—based classi cation is a predominant approach to FO
Table . o i tracking [20]. Despite showing improvements over rule-based
A summary of the novel contributions with respect t0 0Yfyathogs, it has a number of shortcomings. Frequency quan-
preliminary studies [15], [24] is as follows: tization is one of the main obstacles in obtaining natural FO
A comparison of our two different methods under uni ectontours [24]. To suppress the in uence of quantization, one
evaluation conditions, including new analyses of certailay use narrower quantization intervals, though potentially
experimental parameters.g, the subsequence length ingt the expense of decreased classi cation accuracy. With the

the rst method) motivation for the need for regression approaches (detailed

A detailed analysis for the inescapable trade-off betwe@ section I1), in this section, we elaborate on this trade-off

quantization and classi cation errors in the existing clagssing both theoretical and empirical analyses.
si cation approaches (Section 1)

A novel, principled bi-Gaussianvoicing detector inte- N
grated into our FO trackers. A. Classi cation Approach

We substantially extend the background and preliminary com-"*S illustrated in Fig. 1, classi cation approaches to FO esti-
parisons of [15] and [24] towards a self-contained reprgJatlon [13], [20]-[22] utilize a discriminative model to derive



the posterior probabilities of each frequency state given input
features,P (skjX;). Here,sx denotes th&-th frequency state

(k =1;2;:::;K 1), andx; is the acoustic feature vector
of thei-th frame ( =0;1;:::;1 1). Given P(s«jx;) and

the transition probability, ; , which represents the transition
probability from the previous frame stat,, to si, one nds

the most likely frequency statsyo, by means of the Viterbi
algorithm [29], [30]. The quantized frequency associated with
syo represents the estimate of FO at thta frame,f'0;.

o = C(sy) o . - _ _
0 . ig. 2. FO estimation error of the classi cation approach is determined by
y arg max P (skjxi): (2) the sum of the quantization error and the classi cation error. In this aage,
k has a negative value.

Here,C( ) denotes a mapping function to associgtewith

usually represented by the center point of each frequengialyze the relation between the quantization settings the
interval based on uniform division. number of states) and the FO estimation error.

An FO tracker is complete only when equipped witkicac- The FO estimation error at theth frame, ;, can be
ing detector a binary classi er to predict the voiced/unvoicedneasured by [31]

state of a speech frame. In the classi cation approach, voicing

detection is straightforward: one adds an extra unvoiced state, = o fo ; (3)

Sp, representing a discontinuous space to the output layer. This

approach requires no modi cations to the training procedure¥heref 0i andf'0, denote, respectively, the ground truth and
and at the runtime of the FO estimation stage, the problemst@g estimated FO values in Hz at frameWe assume that

FO estimation (read from statss; s,;:::;sk 1) and voicing comprises thaejuantization errorand theclassi cation error.
detection (read from statg) are disentangled from each otherIhe former is the difference between the ground truth value,
In the proposed regression approach, we require differdfd, and the quantized valuec(sy), corresponding to the
strategies. In this section, we focus on FO tracking errors onfjequency state to which the ground truth belongs. &gt

a comparison of voicing detectors in the classi cation angePresent the frequency interval fronfi to f3' and letC(sy)
regression approaches will be provided later in Section V. represent the median of the segment:

Y +1f)
C(sy)= - 5 2. (4)
Therefore, the quantization errag, is derived as follows:
Y+ £
&=C(s) fo="1712 fo; (5)

The classi cation errorg;, is the difference between the
quantized values representing the most likely stétés,o),
and C(sy). In this work, we divide the frequency space
uniformly into frequency statesg., the same intervaly, with
no overlap. Thereforeg; is de ned as

e = C(sy0) C(sy)= w(y® y); (6)
where
w=f) fY=f% fk 8k2f0L::5;K 1g (7)

Consequently, the estimation error is the sunepainde,

. . R L D= eyt e

Fig. 1. An overview of a DNN-based classi cation approach to FO estimation. ! 1€ T & (®)
A DNN is trained to derive the posterior probabilities of each state given fY+f)

; . X ; ; = 1 2 f0_+(fy fY)(O ) (9)
input features. The quantized frequency associated with the most likely state, - 2 i 2 WAV y

C(sy0), represents the estimate of FO corresponding to the input feakjres,
Voicing detection is achieved by representing the unvoiced frames using |a|g_ 2 illustrates the quantization and classi cation errors.
additional statesg. . . -
Now, we assume that the probability densityfdf within
each interval of frequency statd3(f 0;), is uniform, as shown

L in Fig. 3, andey at eachf G; is represented in Fig.4. In this
B. Estimation Error

The estimation error from the classi cation task depends
on how the frequency space is quantized. In this section, we



Fig. 5 demonstrates how these errors change with the number
of states,.e., the length ofw.

Fig. 3. We assume that the probability densRy(f 0;), within a quantized
FO statesy, is uniform. ThereforeP (f 0;) is equal tol=w at anyf 0; within
a state.

Fig. 5. The averages of the classi cation errors, mgaf), quantization
errors, mearnégj), and estimation errors, meajy(at different numbers of
the frequency states.

As expected,g; is reduced at more output states, as
represented in Equation (10). Therefore, we can reduce the
guantization error by applying ner quantization. On the other
hand,e. shows an increase after 34 states. Consequently, at
166 states and beyond, the deteriorationeinexceeds the

Fig. 4. The quantization erroeg, is determined by the value &f0; within advantage irgy, and the total estimation error increases. Fig. 6

the range between w=2 andw=2. illustrates FO contours of same speech corresponding to the
word “DARK” with different quantization settings, where each
contour is shifted by 5 Hz for better visualization. Even at

case, the expected value &f is de ned as

Zf%’ 1 ZW=2 w

E[eq]: P(fOi)eqdfOi: — 2 fodfog = Z
i) w 0

(10

whereE[ ] denotes the expectation. Consequerdlydepends

on w: a smallerw (the more frequency states with higher
resolution) leads to lower quantization errors. On the other
hand, e, could depend on bothv and f 0;. Therefore, the
probability density ofe, can vary dynamically, andE[e;]
cannot be analytically derived.

Fig. 6. FO contours of same speech corresponding to the word “DARK”

C. Empirical Analysis of Estimation Error with each quantization settings. Each contour is shifted by 5 Hz for better
. visualization. The blue dashed line represents the smoothed contour of a 67-
Since we cannot calculatE[e;], we analyzee;, €; and state classi cation with mean-based generation.

i empirically. To this end, we rst train a four-layei.&,

three hidden layers¥ully connected feedforward deep neural ) . )
network (FC-DNN), which is widely used for classi cation 133 states, the FO contour remains discontinuous due to the

approaches to FO estimation [20]. The training dataset includ4@ntization, and we expect deterioration in the estimation

multispeaker speech and the ground truth of the FO values. TB{EOr at more frequency states.

details of the dataset and the FC-DNN setup are provided inSome methods exist for generating a smoothed contour from

Section IV-A. guantized FO values to alleviate the impact of quantization.
After the classi cation tests with the FC-DNNs,, ; and In particular, mean-based generatiols common in speech

e. are calculated with Equations (3), (5) and (6), respectivelgynthesis €.g, [23]). Instead of selecting the FO state with
the maximum posterior probability, mean-based generation



outputs a smoothed FO value according to 1) FO determination:FO determination is achieved by RNN

K1 modeling of raw magnitude spectra, in which FO and its
£0 = C(sk)P (skjXi); (11) harmonic multiples are often clearly visible. The RNN part,
k=1 in turn, bene ts from the temporal dependency of FO across

which works well if the softmax distribution at the output Otconsgcutlve frames; '.t can assist in FO est|rr_1at|on even It a
speci ¢ frame might display less clear harmonics. To this end,

the DNN is sharply peaked.€¢., P (skjxi) 0 outside of . . ) . ; -
some narrow intervak 2 [k 'k + ] centered around Fhe discrete time-domain speech signgln), is rst divided

statek _with small ). This concition might hold in speechyy 7 HERS il DL HRNEEER TREE
nthesis where linguistic features are mapped to FO values; . C .
sy SIS W Inguist ures bp vau Sthe frequency domain by th&hort-time Fourier transform

In FO tracking for noisy speech, however, we typically obser'\_/é : . .
multiple distinct local maxima due to harmonic structures a TFT) to obtain a time sequence of magnitude spedra,

ambiguity in FO in speech, as shown in Fig. 7, illustrating a X =[Xo;X1;:: X 1]
softmax distribution for 30 consecutive frames of speech. This . . . . .
P xi =[x Q) ixi ;253 (P 1)
W1 (12)
xi(p) = Ffu(m)g ' (m)uj(m)e 2 mp=M

m=0

where Ffg denotes windowedliscrete Fourier transform
(DFT) operator withj, ' () andM being the imaginary unit,
window function and zero-padded frame size, respectively.
Furthermore,P = M=2 + 1 denotes the number of DFT
bins between 0 Hz and the Nyquist frequency ugh). A
subsequence of consecutive frames, centered around frame
is extracted fronX as an input to the RNN. In the following
description, we usX[i : j] to indicate a subsequence starting
from framei and ending with framé.

Each layer in the RNN has feedback connections for sending
the output back to its own input in addition to the feed-
forward connections to the next layer. Therefore, an RNN
layer receives its own output at the previous time sequence
as well as the current time sequence input from the previous
KByer. This behavior of RNN layers, which are interpreted as
memory cells, demonstrates the temporal dependency of the
) input sequence by capturing temporal dynamics of speech.
phenomenon results in a smeared FO track and blunt edgeg@th basic RNN cells are, however, incapable of learning long-
the voiced/unvoiced boundaries, as shown in Fig. 6. term dependencies such as the whole length of an utterance

In summary, one cannot eliminate the problem of frequengyo) Therefore,long short-term memoryLSTM) networks
quantization from the classi cation approach by simply in33] in which the cell states are selectively controlled by the
creasing the number of FO states or by mean-based smoothjagyt, output and forget gates to sustain long-term dependency
This issue motivates us to study FO estimation using RNI}Q4]_[36], have become commonly used in many applications.

Fig. 7. The softmax distributions for 30 frames of speech, illustrating multip
local peaks corresponding to harmonic frequencies.

based regression models. When the future information as well as the current and past
information of the input sequence is known, many recent appli-
I1l. RNN-BASED REGRESSIONAPPROACHES TOF0 cations commonly useidirectional long short-term memory
ESTIMATION (BLSTM) [37] to capture global dependencies [38]-[40]. In
In this section, we describe our two proposed FO estimatogsir preliminary experiments, we examined BLSTM applied to
The rst estimator uses an RNN regression model to map tima-full sequencé&X[0:1 1], leading to insuf cient accuracy

frequency features onto FO values, while the second estimatde assume that the local dependency between neighboring
uses an RNN-based waveform-to-sinusoid regression modéiames is more important for FO tracking. Therefore, we model
subsequences of lengfig+ 1, namely,X[i q:i+ q], rather

A. Proposed Method 1: Spectrum-to-FO Regression than the full sequence, to encolieal dependency

. Our RNN regression model is represented bgeguence-
In our preliminary stu_dy [15], we found that RNN'base(EO-scalar encodestructure, as illustrated in Fig. 8. The output

regression models achieve better performance in mapping
speech features in the tlme-frequency_ domain onto FO than 1lin these preliminary experiments, the gross pitch error rate for clean
feedforward DNNs. Therefore, we restrict ourselves to RNNpeech was 54.2 % and 50.5 % for the whole-sequence LSTM and BLSTM,
based regression models only. Our method consists of tyggpectively. One may require more complex structures such as a BLSTM

. . .. . . . ncoder-decoder framework including an attention mechanism for the FO
steps, FO determination and voicing decision, which are

) ) i ) icking task to bene t from the global long-term dependency. However, this
tailed in the following two sub-subsections. exploration is beyond the scope of this paper.



Weight optimization is accomplished with minibatch gradi-
ent descent with the backpropagation algorithm [41] in which
the regression target is set to the ground-truth FO value for
voiced frames and zero for unvoiced frames.

2) Voicing determination:An important merit of the clas-
si cation approach is the simplicity of voicing detection noted
in Section II: voicing prediction is read directly from the
additional state of the network output. We would similarly like
to utilize directly the output of our spectrum-to-FO regression
model,i.e., the estimated FO valu€;, for voicing detection.
One challenge is that, unlike in the classi cation approach
where FO tracking and voicing detection are disentangled from
each otherf'0; resides along theamecontinuous real lindR
(including possibly negative values), regardless of whether the
frame is unvoiced or voiced. As unvoiced frames lack periodic
structure, their FO is, by de nitionunde ned For this reason,
FO for unvoiced frames is generally modeled in isolation from
Fig. 8. An unrolled diagram showing the RNN regression model for FO. THRie continuous distribution of FO for voiced frames in methods
model is formed with an encoder structure where an sequence of input VeC@Fﬁployed in speech synthesis tasks [26].
are encoded to a vector (or scalar) at the nal time step. . . L.
In practice, we can use estimated FO values for voicing
detection by assuming that the values for unvoiced frames are
. concentrated at lower values than those for voiced frames. We
at an RlNN Iaye_r1 at a time sequ_ence,(t = 0;1::252), ave seen that this assumption holds well, which suggests a
where ¢, is derived as follows with respect to the analyzeaimple voicing detector based solely on the estimated FO value:
frame, x;. one declares a frame as voiced when the estimated FO exceeds
= gw! 't +H! l N (13) a certain threshold. The immediate question, however, is how
to make such a rule speaker-independent: recall that the FO

{
b= ey 14)  ran i indivi
ge greatly varies between genders and between individuals,
? = L(Xi gt)” g (15) which suggests adapting the threshold based on the overall
[ L = O (16) pitch range of the speaker.

Our proposedi-Gaussian voicing detectpdetailed below,
Here, g( ) represents an activation function ad' andH' formalizes this idea. It is inspired by implicit voicing condition
are weight matrices at layérconsisting of feedforward and modeling with a continuous FO distribution in text-to-speech

feedback weights as follows. applications [26] and from similar ideas usedsjeech activity
2 W w! cow 3 detection(SAD) [27], [28] — another frame-level binary clas-
Lo e U si cation problem — to model short-term energy distributions
| Woo  Wor oo Waag of non-speech and speech frames. In addition to being speaker-
w! = (17) -Sp p . g Speak
: : ) : adaptive, our approach has another favorable property of being
w! w! cow completelyunsupervised— it requires neither of ine training
a0 al a| a(| 1) . .
h! hl.o oo R data nor voiced/unvoiced labels. For these reasons, the method
h|11 h|12 o hlla' can be applied to voicing detection of any FO tracker that
H' = E 21 22 e 23 z (18) ful lls the above-noted ordering property.
: : : Voicing detection can be cast as a decision-theoretic prob-
hi, hi, it hbg lem. Depending on the application, the interest is in either

| ) . a soft decision €.g, voicing probability) or ahard binary
wherew;,denotes the feedforward weight from tkeh unit 4o cision obtained by thresholding a soft indicator function.
in layer| 1 to thej-th unit in layerl (the O-th unit is the Given the observed FO value at theh frame, {0, the task
bias unit), whileh), is the feedback weight from tHeth unit is to choose a optimal clasg 2 H from a hy’poth,esis space
to thej -th unit within layerl. a denotes the number of units|_| = fH o;H1g. Here,Ho andH denote, respectively, voiced

in layer|. _ and unvoiced stat@sand optimality refers to a decision policy
Only the last time sequenceé € 2q), has an output layer

consisting of a single unit connected with the previous RNN

|ayer with a feedforward Welght matrit/ ¢, to output the In many FO trackers, it is a standard convention to represent unvoiced

frames using a special FO value of 0. For the reader who may wonder why we

estimate off 0; as a sequence-to-scalar transform: chose to use "0' to indicate a voiced state, we follow the standard convention in
L statistical hypothesis testing to denote the positive class (here, voiced speech)
y=1 Wg 2q — f/bi ; (19) asH o. The two exhaustive and mutually exclusive hypothé$gsandH ; are

) ] ] ) ) known, respectively, as thaull and thealternativehypotheses. By convention,
wherel () is the identity function to activate the output layenigher LLR scores indicate stronger support in favor of accepiing(and

andL denotes the number of RNN layers. rejectingH ).



to minimize the empirical Bayes risk [42]. Speci cally, wealgorithm [45] by tting a 2-componeniGaussian mixture
choose the class with the higher posterior probability: model(GMM) to the FO observations aof The two estimated
Gaussians are assumed to be ordered so that the one with
the lower mean represents unvoiced frames and the other
(20) represents voiced frames.

vi =arg max P(H;jf0)
j=0;1
p(fOH; ) P (H;) .

p(r0) B. Proposed Method 2: Waveform-to-Sinusoid Regression

which minimizes the probability of voicing error, assuming Our second method for FO tracking is based on the premise
that all the probabilistic quantities are known. HeRg(H;) h : ¢ the FO value f . -
andp(f’\o-jH-) are, respectively, thprior probability and the t a}t gxtract]on of the value lrom a pure _(n0|sy) sind
o PR ARG 0) | : soid is straightforward through an autocorrelation approach.
likelihood funCt.'?\(r;Of class; ,_(\(\lohlle i oi.) IS a normalizer Since observed human speech, howevenaissinusoidal but

to ensureP (Hof 01) + P(H1f 0)) = 1; similarly, P(Ho) * = qhaing multiple frequency components (including aperiodic

P(H1) N 1. The decision rule (20) can be rewritten in arbnes) resulting from glottal source waveform shapes, vocal
alternative form:

P(H;jf'0) =

. voiced tract ltering, background noise and other factors, we need a
(fo) unv;-i’ced ; (21) preprocessing approach to suppress these nuisance variables.

To this end, our second approach consists of three steps.
where ‘(f’\Oi) = log p(f’\Oin o) log p(min 1) is alog- First, an input speech waveform is transformed to a single
likelihood ratio (LLR) score, containing all the data-relatedsinusoid encoding FO with RNN-based regression. Second, FO
terms, and := logitP(H1) is a xed decision threshofd s estimated from this approximated sinusoid using a simple
We x =0 (i.e, assume tha® (Ho) = P(H1)) tore ectthe autocorrelation approach. Finally, voicing decisions are made
maximum a priori uncertainty about the class. In our modeh a similar manner as in our rst approach. These three steps
we train a parametric likelihood ratio detect‘c(rf’\oij r) for are detailed in the following sub-subsections.
each recording (or a set of recordings),using only the FO 1) Waveform-to-sinusoid regressionn the rst step, to
values of that recording. Therefore, a xed threshold is natansform a waveform into a sinusoid, framed time-domain

restrictive, as the left-hand side of (21) is adapted to the Epeech waveformsjo(m);ui(m);:::;u; 1(m), are directly
distribution ofr. used as input to an RNN. As the input is a voiced frame,
We model each state in the recordingas a Gaussian the outputs of the RNN are mapped onto a single sinusoid
likelihood with a shared variance parametet; oscillated with FO of the input waveform. Otherwise, for
Sy . L2 unvoiced and nonspeech inputs, the RNN maps the input onto
PO H i) = N (O roi 1) (22) the input itself as an identity mapping. The estimate of FO is
p(fOjH L) = N(FOj r1 2 then explicitly inferred from the resultant single sinusoid using

whereN () denotes the Gaussian likelihood ang is the its autocorrelation. Fig. 9 illustrates the proposed framework.
mean FO of clasH; in r. The assumption of a shared
variance parameter may look restrictive but was empirically
found to outperform class-speci ¢ variances in our preliminary
experiments. An intuitively appealing implication is that the
decision rule in (21) leads to a thresholding rule in which
a frame is declared voiced if the estimated FO exceeds a
threshold, which is generally not the case for unconstrained
varianceg. Speci cally, by substituting (22) into (21) with

=0, we obtain an equivalent voicing detector for recording
r:

voiced ]
fAOi 7 5 rot 1, (23)
unvoiced

where the expression on the right-hand side coincides with the
crossover point of the two Gaussians. Since bgth and ¢
depend on the speaker (and his or her gender), the threshold on
the right-hand side of (23) is adapted according to the overall
FO range of the speaker. Fig. 9. A voiced speech waveform directly inputs to an RNN to perform
The above formulation requires knowledge of the clasgaveform-to-sinusoid regression. The estimate of FO is then inferred from
conditional parameters (or their estimates). As the true voicifftj resultant sinusoid.
labels ofr are unavailable, we estimate the parameters
( ro; r1; 2) via a standarexpectation-maximizatioEM)  The speech signal(n) is rst divided into | frames,uo,
Uqg, ..., U 1:
SlogitP :=log P log(1 P) S
4This intimately relates to thealibration of log-likelihood ratios; the ui =[ui(0);ui(1); ;M 1), (24)
topic is beyond the scope of this work, but we point the interested reader to
[43], [44] for a discussion in the context of automatic speaker veri cation.



where M denotes the number of samples in a frame. TH&NRs for white noise contaminated speech. Fig. 11-(b) depicts
waveform-to-sinusoid regression model also takes a sequertbeir magnitude spectra to demonstrate lygvis more suitable
to-vector encoding structure similar to the RNN regressidor FO analysis tham;.

approach described in Section IlI-A. Therefore, the output at

the RNN layerl at the time sequende(t = 0;1;:::;20), |,

is derived as follows with respect to the analyzed frame,

= gw' {+H (25)
N T (26)
O = LU g) 27)
', = 0 (28)

whereg( ) represents an activation function ad' andH'
are weight matrices with the same forms as Equations (17)
and (18), respectively. Fig. 11. (a) depicts the relation between andy; in clean and noisy
To achieve the waveform-to-sinusoid regression, the Outﬁi?ﬂd't'ons (SNRs between +10 dB and -10 dB for white noise). (b) plots
. . . . . their magnitude spectra. The waveforms and spectra in each plot have been
layer is activated by the identity function. Consequently, th&ied for better visualization.
outputs of the RNN at thé-th frame (i.e.,, t = q), y;, are

derived as follows: 2) FO determination from the sinusoidn the second step,

yi = | wt |2_q + Ht |2_q 1 (29) to e_stir_ngte _FO at the-th frgme,f’bi is inferred fromy; by
maximizing its autocorrelation.

= [yiOsyi@;nyM o D (30) .
whereL denotes the number of RNN layers apdm) is a fAOi = TS (31)
discrete time_—o!omain sinusoid which is oscillate(_i \Aﬁﬁn _ A= arlg max Ryy ; (32)
In the training processW' and H' are optimized in m

advance by supervised learning. During voiced speech perioggere R,y denotes the autocorrelation of;, fs is the
the weight parameters are trained by minimizing the meagmpling frequency of the input waveform andis sample
square error (MSE) betweeyy and the target sinusoid. Asghift to calculateRy .
illustrated in Fig. 10, the target sinusoid is oscillated with 3) Voicing determination: The nal step is the voicing
fO and' i, which are the ground truth of FO at frame decision. In a preliminary experiment, we tried the same bi-
and the phase to maximize the cross-correlation betwgen Gaussian approach to model the distribution of the estimated
and cos(2f 0;m=fs), respectively. Herefs is the sampling Fo values. This approach, however, leads to unacceptably
frequency andn =0;1;:::;M 1 high voicing error rates ( 40%), which is close to the level
expected by chance (50 %) in clean data. In our rst method
in Section IlI-A, the FO value (with a value of O assigned
to current unvoiced frames) is directly used as the RNN
regression target, whereas our second method encodes FO
indirectly to the sinusoid, represented by a vector. We observed
that the estimated FO values from voiced and unvoiced frames
highly overlap. Therefore, a revised voicing detector that uses
other characteristics of the sinusoid was deemed necessary.
The voicing decision rule is formed from a bivariate extension
of the same approach as that described above.
We rst extract the voicing feature vectos;, at thei-
th frame fromy;. From the waveform-to-sinusoid regression
process, we can nd two different characteristicyjnbetween
the voiced and unvoiced frames. First, voiced waveforms
are mapped onto sinusoids, while unvoiced waveforms are
mapped onto themselves, which are not sinusoids. Second,
the amplitude of the target sinusoid for the voiced frames
Fig. 10. The target sinusoid for supervised learning, is oscillated with js 1, while the amplitude of the target waveform for the
the ground truth of FO at frame(f 0;). unvoiced frames are generally much less thanel, identical
to the amplitude of the input unvoiced waveform. From these
Weight optimization during training is accomplished witltcharacteristics of;, we assume that a voicing feature vector,
minibatch gradient descent with the backpropagation alga-can be an effective input of the bi-Gaussian voicing detector
rithm [41]. Fig. 11-(a) illustrates the relation between an inpuis a two-dimensional vector representing the variancg; of
voiced waveformu;, and an output sinusoig,;, at different



and the similarity ofy; to a sinusoid. Therefore, we determine PEFAC [14]

the input of the bi-Gaussian voicing detectr CLS(sp2f0) is a DNN classi cation model frorspectrumto
2 33) guantized frequency states, whereas CLS(wav2f0) employs a

a = Ty L
! yir oyl DNN classi cation model that maps waveformonto quan-
rvi = cov(yiy i) (34) tized frequency states. These classi cation models use fully
yi . .
yi i connected feedforward networks with three hidden layers and
m 1024 units, since it has been reported that the recurrent archi-
T . — + '
yi cos 2 flb' fs (35) tecture of their models do not yield substantial improvement
o= o f’b-@ (36) [20], [22]. Table Il summarizes their network architectures.
! "fs CREPE is an FO tracker for music signals. It uses a CNN-
me = arg max Ryy (37)
m

TABLE I
where CO‘(yi y i) and Ryy denote the covariance and cross- SETTINGS FOR THEFC-DNNs oF CLS(sP2F0) AND CLS(wAv 2F0)

correlation ofy; andy ; and §i represents the variance of

. : Parameter Input Layer Hidden Layers| Output Layer
the values iny;. Cosine wavej , plays a role as a reference #of Layers 1 3 T
sinusoid to gauge the similarity gf to a sinusoid when ithas 4 .t Units CLS(sp2f0): 3591 1024 68
the same frequency and phaseyasTherefore, the frequency — CLS(wav2f0): 400
. . Activation - RelLU Softmax
and phase of ; are determined by'0; andmg respectively. —inbaich size 500

The 2-dimensional voicing feature vectet, 2 R?, is then

modeled using bivariate Gaussians, _— . . :
based classi cation model that consists of six convolutional

p(aijHo;r)= N(aij ro: ro) (38) layers and a fully connected layer to map waveforms onto
p(aijH1;r) = N(@ij 1 r1); quantized frequency states.
where ., 2 R? and ., 2 R? are the mean vectors of
the voiced and unvoiced frames, respectively, andy 2 A. Datasets (PTDB-TUG Corpus)
R?2 2 and ,; 2 R? 2 are full covariance matrices of We use thepitch tracking database from Graz University
the voiced and unvoiced classes. Different from the voicir@f Technology(PTDB-TUG) [46] to compare the above FO
detector in our rst method, here we use class-dependefffickers. As summarized in Table Il, for the machine learning
rather than shared covariances. This is an experimental chdRehniques, we useteaining set of 3200 utterances spoken by
that better exploits class differences in terms of covariancéd$ speakers (8 men and 8 womeirg, 200 utterances for each
as demonstrated in Section V-C. The parameters = speaker, and &alidation dataset of 574 utterances spoken
( ro r1 ro; r1) are again trained in an unsupervise®y the same 16 speakers (36 utterances for each speaker
way via the EM algorithm and with the LLR criterion appliedexcept speaker “F08”, who provided 34 utterances). All the
at a threshold of 0 to perform voicing detection. However,
unlike in the univariate case, technically speaking, we cannot TABLE 11l
sort vectors from lower to higher values. Recalling that the =~ DATAALLOCATION FROM PTDB-TUGTO THE DATASETS

voiced class is represented by higher values in both dimensions Utts _
. . . . . Subset Speakers K Duration
of a;, we designate the Gaussian with the higher Euclidean (PEBSZP;; er)
norm of its meank . k», as the voiced class. Training | 8 Females + 8 Males (200) 372 min
Validation | 8 Females + 8 Maleg gZﬁ 62 min
IV. EXPERIMENTAL SETTINGS (36)
2 Females + 2 Maleg 944 -
. Test 104 min
In our experiments, we compare the performance of the (Unknown Speakers) (236)
foIIpwing eight FO trackers in terms of their accuracy and *34 utterances for speaker “FO8"
noise robustness:
Proposed regression methods: FO trackers were compared usindest setof 944 utterances

REG(sp2f0): Spectrum-to-FO regression described §iPoken by 4 speakers (2 men and 2 women), which was
Section IlI-A Isjoint from the training and validation set speakers.

REG(wav2sin): Waveform-to-Sinusoid regression de- .The PTDB-TUG corpus contains groun(_j-truth FO valygs ob-
scribed in Section I1I-B tameq fromlaryngograph&gnals recorded in clean conditions,
State-of-th ¢ classi cati thods: to which a Kaiser lter and RAPT are applied. We used these
ate-of-the-art classi cation methods. values in the following experiments as the ground truth.
CLS(sp2f0) [20]

CLS(wav2f0) [22]

CREPE [13] B. Noisy Conditions (NOISEX-92)
Signal processing methods: The speech utterances in each dataset are sampled at 16
RAPT [9] kHz, and the sampled signals in the training and validation sets

DYIN [11] were contaminated with eight types of additive noise at ve
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TABLE V
NETWORK SETTINGS FORREG(SP2F0)

levels of the global SNRs (-10, -5, 0, +5, and +10 dB). Eight
types ofknown noises displayed in Table IV, are included
in all three data subsets. Another set of fomknown noises

Parameter Input Layer | Hidden Layers| Output Layer

are included in the test set only. # of Layers 1 3 1

In summary, the training set contains 131,200 utterances_# of Units 3591 1024 1
(15,252 min),i.e, 3,200 (8 noises 5 levels + 1 clean), tamtrloncens - t"é‘?M Identity
the validation set contains 23,616 utterances (2,542 min), and Minibat)éh 200
the test set contains 57,584 utterances (6,344 mim),944 Context q=3

(12 noises 5 levels + 1 clean).

TABLE VI

TABLE IV

TYPES OF ADDITIVE NOISE USED IN THE EXPERIMENTSTHE NAMES

REFER TO THE NOISES IN THENOISEX-92DATASET.

RNN SETTINGS FORREG WAV 2SIN)

Parameter Input Layer | Hidden Layers| Output Layer
Type (NOISEX-92) | Training/Validation | Test | Condition Z ZI II:J?i/tesrs 4%)0 10324 4%)0
Clean
(Babble) Activation - tanh Identity
Destroyerops M_er_nory Cells LSTM
F16 Minibatch 200
Factory?2 Yes Yes | Known Context q=3
Leopard
M109
Machinegun
White _ experiment are same as in Table lll. The number of hidden
E:Sttg‘r’;’lereng'”e layers (LSTM cells) is set equal to three with 1024 units each
Pink No Yes | Unknown that are activated by thianh-function. The minibatch size is
Volvo set to 200 frames, and random unit dropout (25 %) and batch

normalization [47] are applied during training.

C. Training and Test Settings D. Performance Metrics

The speech signals in the datasets are divided into 25.md he perform.ance of FO traf:king is evaluated using the three
frames at 5 ms intervals. The rst 400 and the last 200 fram&i@ndard metrics: theross pitch error (GPE) rate, thene
in each utterance are removed to reduce non-speech franpiigh error (FPE) and thevoicing error rate (VER) [31].
For REG(wav2sin), a sequence of seven consecutive fram@5E frames are voiced frames in which the error between
i.e, Ui 3 10 Ujsg, is input into the RNN to estimaté'bi. the est_lmate of the pitch perllod:(f"O) and th.e ground truth
For a frequency-domain analysis of REG(sp2f0), the STF.('Ff 0) is greater than the period corresponding to 10 samples,
is applied with 1024-point DFT to obtain the power spectr&€- 0-625 ms. Formally,
density (PSD) of the time-frequency domain and then a
sequence of seven consecutive frames comprising the rst 513
bins in the frequency domaimng., 0 ! , at each frame

GPE rate= NI\TPE; (39)

v

d btain th imd® . Th q for f where Ngpg and N, denote the number of GPE frames and
are used to obtain the estimt§,. The procedures for feature oiced frames per utterance, respectively. The FPE frames, in

extraction and FO quantization for CLS(SpiO)_’ CLS(anqu rn, are voiced frames after excluding the GPE frames. The
and CREPE follow [20], [22] and [13], respectively, but Somiasan FPE (rpe) represents théias in the FO estimation,

garametel;s arell modied to match ourftist conditions aRghie the standard deviation of the FPErg2) measures the
atasets by preliminary experiments as follows. accuracy[31]. Formally,

The waveform input of CLS(wav2f0) and CREPE com-

prises 400 samples _ 1 e

The input of CLS(sp2f0) consists of 3591 DFT bins (513 FPE = N | (40)
bins 7 frames) Y =

Each hidden layer of CLS(sp2f0) and CLS(wav2f0) con- B y 1 Xeee 2

sists of 1024 units FPE — Nepe - (i FPE) (41)
The output layer of CREPE is modi ed with the same =1

guantization as CLS(wav2f0) because the original settings P = f’}') f(i) ; (42)

in CREPE are for music signals.

The hyperparameters of the proposed methods are detdperefy andf denote the estimate and the ground truth of
mined in accordance with our previous works [15], [24]F0. respectively, at the-th frame in the FPE frames, while
in which the networks are determined considering the balree is the number of FPE frames.
ance between performance and computational complexity. Thé-inally, the VER is the ratio of voicing error frames to the
settings for REG(sp2f0) and REG(wav2sin) are summarizéfal number of frames:

in Tables V and VI, respectively, and the datasets for the Nve

VER= = (43)
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whereNyvg andN denote the number of voicing error framesrrors for REG(sp2f0) and CLS(wav2f0) are at approximately

and total frames, respectively. 40 %. These observations suggest a substantial advantage of
our proposal, in particular, the waveform-to-sinusoid approach.
V. EXPERIMENTAL RESULTS The FPE error analysis is depicted in panels (c) and (d)

of Fig. 12 as scatter plots ofgpg and gpe corresponding to
the tested SNRs,e.-10, -5, 0, +5 and +10 dB. pYIN and
Panels (a) and (b) of Fig.12 illustrate the GPE rates f®APT are excluded from this analysis because neither method
each method at different SNRs in the multi-noise COﬂditiOI’Fﬁovided suf ciently many FPE frames under noisy conditions.
for the known and unknown noises, respectively. REG(wav2sin) performs the best in terms of both the
bias (mean) and accuracy (standard deviation). Although
PEFAC displays strong noise robustness in both metrics,
REG(wav2sin) outperforms it by approximately 35 % in
relative percentage on average under both noise conditions. As
with the GPE rate, REG(wav2sin) outperforms REG(sp2f0) by
more than 15 %, which is at the same level of performance
as both CLS methods and CREPE in terms pfg and gpg.
Overall, the regression tasks are more dif cult than clas-
sifying speech frames or spectral features into quantized fre-
guency states. However, RNN regression may capture temporal
dynamics better by optimizing the recurrent weights than the
fully connected DNNs in the CLS methods; even if the fully
connected DNNs augment their input with some preceding
and successive frames, this augmentation induces many poorly
correlated connections to the network structure. Consequently,
the RNNs have achieved regression tasks that outperform the
classi cation approaches.

A. Gross and Fine Pitch Error

B. In uence of the Subsequence Length

In the proposed methods, REG(sp2f0) and REG(wav2sin),
Fig. 12. Estimation accuracy of each FO tracker at different SNRs. (a) THé€ USe a subsequence centering around -theframe with a

gross pitch error (GPE) rates for the known noises, (b) the GPE rates for fhgntext length of2q+ 1. In the preceding experiments, we
unknown noises, (c) the scatter plot of the mean and standard deviation of

the _ . . .
ne pitch errors (FPE), rpe and gpg, respectively, for the known noises, l'pseldq - 3.' Here, we are interested in StUdymg hOW the
and (d) the FPE performance for the unknown noises. choice ofqg impacts performance. Table VII summarizes the

GPE rate, rpg and gpe with different subsequence lengths
The GPE rate has a decreasing trend at higher SNRs acr%r%ger the Cl%a?) andkn0|sy co_ndltlons. TrgaNgmsfyocggdlt_:_c;]n
all the methods, and the supervised machine learning é%_represente y unknown noises at an 0 - he
proaches, except CREPE, show more dif culty with unknown

i cag | TABLE VII
nOIS'ES than known noises in terms Of the GPE rate, Wh.ereas HEEFORMANCE WITH DIFFERENT SUBSEQUENCE LENGTHG. HERE, noisy
Itering-based approaches are less affected by the difference REFERS TO UNKNOWN NOISE AT ANSNROF 0 DB.

between known and unknown noise. Nevertheless, the machine

Iearning approaches (except for QREPE) mostly outperform Subsequence length parametgr,

the Itering-based methods by a wide margin. 2 3 4 5
REG(wav2sin) outperforms the other methods in terms of GPE | o Clean | 1355 11219 13.12° 13.06  16.23

. o Rate Noisy | 24.29 2353 23.44 2426 27.41
0,
the GPE rate. For instance, it yields a GPE rate of 30 % for[%] Clean 1249 1188 1204 1253 1321

known noises and 37 % for unknown noises at an SNR of -10 wav2sin Noisy | 19.26 18.89 18.97 19.41 22.32
dB. REG(sp2f0) also yields a lower GPE rate than the previous Clean | 24 2.3 23 24 23
reference methods but is outperformed by REG(wav2sin) by, £ P20 Noisy| 28 28 28 28 28
\ pe y Y[Hz] oo Clean| 19 18 18 19 20
approximately 6 percentage points or more at 0 dB and below wavesin Noisy | 23 23 23 23 23
under both noise conditions. sp2fo  clean 22 22% 22% 22% 22%
. : ; ; FPE Noisy . . . . .
GPE frames correspond to failure in FO estimation for H2) [ Clean| 19 19 1920 1

voiced frames [31]. In that sense, FO estimation with pYIN
at SNRs below 5 dB, RAPT at SNRs less than 0 dB and
CREPE and PEFAC at SNRs of -5 dB and below are likel . . .

. . PE rate varies across different subsequence lengths and is
to have unreliable frames accounting for more than 50 %

of the voiced frames. Conversely, REG(wav2sin) retains ir[nlnlmlzed at approximately| = 3, while the FPE does not

estimation error for voiced frames at approximately 35 0o%OW substantial variation within the range [2::6]

even at -10 dB for unknown noises, while the corresponding

Noisy 2.0 2.0 2.0 2.0 2.1
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C. Voicing Detection

To analyze voicing errors, we apply the bi-Gaussian voicing
detector to the proposed regression methods. Because neither
RAPT nor pYIN provides suf cient noise robustness (Fig. 12),
we decided to evaluate PEFAC as the representative of the
signal processing methods. We use the native voicing detector
of PEFAC. This detector estimates the posterior probability of
voiced and unvoiced classes and declares a frame voiced if
the former is larger [14], which coincides with the decision
rule used in our voicing detectors in (20). The classi cation
approaches do not require any additional processes for voicing
determination, as discussed earlier. We use CLS(sp2f0) and
CLS(wav2f0) as representatives of the classi cation methods
because their robustness to noise substantially exceeds that of
CREPE.
Fig. 13 represents the voicing error rates of each method
at different SNRs. REG(sp2f0) always outperforms the other
Fig. 14. (a) and (b) illustrate the bivariate Gaussian distributions of a female
utterance under the clean and noisy conditions respectively. (c) and (d) depict

the distributions of a male utterance under the clean and noisy conditions
respectively. The noisy condition is represented by Factoryl at SNR of -10

Fig. 13. \oicing error rates at different SNRs under (a) the known noise
condition and (b) the unknown noise condition.

models, sustaining a voicing error rate between 7 % and

15 % across all the conditions. REG(wav2sin) follows, but

the gap in the performance to REG(sp2f0) is always more

than 5 % absolute. The main difference between the two

voicing detectors are in the employed featuresfibI for

REG(sp2f0) and §i andry; for REG(wav2sin). CLS(sp2f0)

and CLS(wav2f0) yield lower VERs than PEFAC, between 15

% and 22 %, at SNRs higher than 0 dB, though their VERs ) o S

exceed the VER of PEFAC for SNRs below 0 dB, despifil 15, (3 and () st e barte Gaussan ditibuions of & el

lower GPE and FPE rates (Fig. 12). the distributions of a male utterance under the clean and noisy conditions
Fig. 14 illustrates typical distributions of voiced and untespectively. The noisy condition is represented by Factoryl at SNR of -10

voiced classes in our bi-Gaussian voicing detector used 4R

REG(sp2f0). The voiced and unvoiced classes are clearly

distinct for clean data, and separation between the classes o .
the probability densities seem to depend less on speakers, as

is higher for the female speaker. In the noise-contaminat . "
case, the distribution of the unvoiced class is shifted towart¥e used features lack direct dependency Onvalues. In the

the voiced class as noise dominates the unvoiced frames. TiE€-contaminated case, the distribution of the unvoiced class
classes, however, are still separated. expands; as the noise components tend to be mapped onto

Fig. 15 illustrates the bivariate Gaussian distributions f Sinusoid as voiced speech, this reduces voicing detection
EG(wav2sin). For improved visualisation, x-axes displa§cctiracy in noisy conditions. o _

2 i instead of )%i' Voiced and unvoiced classes can be The precedmg results demonstrate thgt the voicing determi-
separated at the contour of equal posterior probabilitidd@tion problem in our proposed regression-based FO trackers
P(aijHo) = P(ajH 1), visualized with the thick magenta line,Can be effectively addressed through the bi-Gaussian approach:
Due to class-dependent covariances, the resulting decision 4. Voicing error rates in both methods are lower than those
faces are quadratic. Variance of the features is generally mi{he reference methods. We expect that further improvement
lower within the unvoiced class. Compared with REG(SpiObS, possible through alternative robust features (or alternative



distributions), which is left for future work.

D. FO Contours

Fig. 16 illustrates FO contours of the spoken word
“DARK” estimated by CLS(wav2f0), CREPE, REG(sp2f0)
and REG(wav2sin) under clean conditions, and they are
compared with the ground truth (REF). Panels (a) and (b)
show the FO contours spoken by a female speaker and a
male speaker, respectively, and each contour is shifted for
better visualization. The utterances of these two speakers are
not included in the training set, i.e., unknown speakers. The

(a) FO contour (Female) (b) FO contour (Male)

——REF
—— REG(wav2sin)
—— REG(sp2f0)

—— CLS(wav2f0)
CREPE

Frequency
Frequency

0 0.05 0.1 0.15 0.2 0 0.05 0.1 0.15 0.2
Time [sec] Time [sec]

Fig. 16. FO contours of word “DARK” spoken by (a) an unknown female
speaker and (b) an unknown male speaker. Each contour is shifted for better
visualization.

figures demonstrate the advantage of our proposed regression
approaches (REGs) over the existing classification approaches
(CLS and CREPE) in terms of the naturalness of the FO
contours. This advantage also reveals the potential of our
proposal to track the prosody of different speakers in a
speaker-independent manner.

VI. CONCLUSION

We addressed the problem of FO tracking with RNN-
based regression techniques to obtain accurate and natural
FO contours with improved noise robustness. The proposed
regression approaches, especially the waveform-to-sinusoid
regression approach, demonstrate considerable improvement
over the existing state-of-the-art FO trackers. Compared to PE-
FAC, one of the most robust autocorrelation-based FO trackers,
the waveform-to-sinusoid regression method, REG(wav2sin),
yielded a relative improvement exceeding 35 % in both the
gross pitch error (GPE) rate and the fine pitch error (FPE) at
SNRs between -10 dB and +10 dB under both known and un-
known noise conditions. Furthermore, our proposed waveform-
to-sinusoid regression method outperformed the latest DNN
and CNN-based FO trackers in terms of relative improvement
in both the GPE rate and the FPE by more than 15 % over
the preceding SNR range.

The comparison of the estimated FO contours of clean
speech also demonstrates an advantage of our proposal over
other DNN- and CNN-based approaches in producing more
natural FO trajectories. While the present work focused solely
on the FO tracking problem itself, our future plan involves inte-
grating the proposed method in a downstream application such
as voice conversion or prosody-based speaker recognition.
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