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Abstract

A set of smple new procedures has been developed to
enable the real-time manipulation of speech parame-
ters. The proposed method uses pitch-adaptive spec-
tral analysis combined with a surface reconstruction
method in the time-frequency region, and an excita-
tion source design based on group delay manipulation.
It also consists of a fundamental frequency (FO) ex-
traction method using instantaneous frequency calcu-
lation based on a new concept called 'fundamental-
ness . The proposed procedures preserve the details of
time-frequency surfaceswhile almost perfectly remov-
ing fine structures dueto signal periodicity. This close-
to-perfect elimination of interferences and smooth FO
trajectory alow for over 600% manipulation of such
speech parameters as pitch, vocal tract length, and
speaking rate, while maintaining high reproduction
quality.

1 Introduction

The need for flexible speech modification methods
is increasing in both the commercial and scientific
fields. Various sophisticated methods have been pro-
posed [18, 24, 19, 25], but their flexibility and resul-
tant speech quality have been limited. This may sug-
gest that the appropriate representation of speech has
not been found yet or it may simply indicate that we
have not yet explored the full potential of existing rep-
resentations. If we revisit old concepts having views
underlying “ Auditory Scene Analysis’ in mind, wewill
find the latter is the case.
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The channel VOCODER [10], which separates spec-
tral and source information in order to manipulate and
transmit speech sounds, is a good example of a sim-
ple and appealing idea made powerful by introducing
such point of views. The channel VOCODER and
its modern variant, LPC (Linear Predictive Coding)
[14, 4] are potentialy very flexible in parameter ma-
nipulations, because there are little inter-related con-
straints between spectral and source parameters. The
VOCODER-based representations are also attractive,
because they are conceptually easy to understand and
have direct correspondence to both the speech pro-
duction mechanism and the auditory periphery. How-
ever, there-synthesized speech quality by VOCODERs
suffers from buzziness induced by the pulsive excita-
tion even without parameter manipulations. It aso de-
grades when parameter manipulations were large. On
the other hand, sophisticated methods based on iter-
ative procedures to approximate desired manipulated
STFT (short term Fourier transformation) have supe-
rior reproduction quality when the amount of manipu-
lations were small. However, they deteriolate rapidly
when parameter manipulationsincrease. Intricate rela-
tions between the manipulated spectral paremeters and
waveforms also make it difficult to get insight from
these representations. Simple conceptslikethe channel
VOCODER may seem outdated. However, if it allows
for ahigh quality reproduction, it istrue the simpler the
better.

There are numbers of proposals to reduce buzzi-
ness of VOCODER-type methods and found effective.
Then, the major remaining problemiserrorsin spectral
estimation. Itisnecessary toremoveany periodicity in-
terferences from the time-frequency representation for
the representation to be usablefor reproducing aspeech
sound in a different fundamental frequency (FO) or in
a different vocal tract length. Parametric models like
LPC arealso susceptibleto signal periodicity[12], even



though they can aleviate constraints posed by the un-
certainty principle. These interferences are observed
as apparent increase in random variations in spectral
representations. Itis, inasense, contradictory and frus-
trating that periodicity induces such difficulty in speech
analysis and manipulation because voiced sounds are
perceived to be smoother and richer than unvoiced
sounds at least for human listeners. Speech represen-
tations have to take advantage of the periodic nature of
voiced sounds instead of treating it as a problem. In
other words, we need a stable spectral representation
which does not have any trace of periodicity.

The flexible speech manipulation also introduces a
requirement on FO trajectories. Conventional FO ex-
traction methods based on interval measurements usu-
ally provide stepwise trajectories, especialy for low-
pitched voices. This stepwise structureitself is atrace
of the source periodicity and is harlmful for FO modifi-
cations. It istherefore desireble to have a FO extraction
method which prvides a smooth trajectory.

Thegoal of thispaper isto introduce how avery high
quality speech analysis-modification-synthesis method
is implemented as a channel VOCODER based on the
answers mentioned above. |nformation reductionisnot
intended in this paper. Quality and flexibility of ma-
nipulations are the primary interests. The paper con-
sists of four sections. Firstly, a pitch-adaptive spectral
smoothing to eliminate priodicity interference is dis-
cussed. Secondly, an instantaneous-frequency-based
FO extraction method is introduced to provide reliable
and smooth FO trgjectoryies. Thirdly, a system to uti-
lize the proposed representations to manipul ate speech
parameters is introduced. Finally, examples of rea
speech analysis and manipulations are presented.

2 Elimination of periodicity inter-
ference

In this section a method to eliminate spectral interfer-
ence structure caused by signal periodicity issystemati-
cally introduced. At first, the basic principle of the pro-
posed method is introduced as adaptive smoothing of
time-frequency representation. Then, a compensatory
time window design is introduced to reduce this time-
frequency smoothing problem to a smoothing problem
inafrequency domain. Finaly, aprocedureto compen-
sate and eliminate the major implementational problem
of this formulation, over-smoothing, isintroduced.

2.1 Background

When the length of atimewindow for spectral analysis
is comparable to the fundamental period of the signal
repetition, theresultant power spectrum showsperiodic

variation in thetime domain. When thelength of atime
window spans several repetitions, the resultant power
spectrum shows pariodic variation in the frequency do-
main. If the signal is purely periodic and the pariod
is an integer multiple of the sampling pariod, a pitch-
synchronous analysis can perfectly eliminate temporal
variations by using arectangular window which length
isaninteger multiple of the fundamental period in sam-
ples. If the size of the rectangular window is set equal
to the fundamental period, variations both in the time
domain and the frequency domain can be eliminated.

However, thisapproach isnot practical for analyzing
natural speech signals, because the fundamental fre-
guencies of those signals are changing all the time and
each repetition is not the same as the pervious period
due to natural source related fluctuations. The sharp
discontinuitis at the both ends of the rectangular win-
dow makes the analysis highly sensitive to such minor
fluctuations. Spectral smearing caused by thisdisconti-
nuity and fluctuationsis detectabl e because of thewide
spectral dynamic range of natual speech signals. It is
also not practical to extract a portion which represents
an impul se response, because responses corresponding
formant peaks do not die out within a pitch period un-
less the pitch is extremely low.

The other approach to eliminate periodicity related
interferences is to introduce a spectrum model which
embodies periodicity effects. This approach was pro-
posed for LPC parameter estimation[12]. The results
using synthetic speech signals indicated that interfer-
ences due to the signal periodicity are compensated
well. However this approach does not provide reli-
able estimates for natural speech, because this method
assumes that the autocorrelation function of the peri-
odic source is a regular pulse train. This assumption
does not hold for natural speech when the spectrum
model only represents the auto-regressive components
of natural speech. In general, the moving average com-
ponents of natural speech spectral envelope which are
not modeled in auto-regressive part, result in a unpre-
dictable smearing of the autocorrelation function. And
the smearing introduces asignificant biasin the period-
icity compensation process. In other words, this model
based approach is fragile for natural speech signals.

These suggest that the elimination process of the pe-
riodicity interferences should not rely on neither strong
spectrum models nor perfect periodicity. The desired
method has to be robust for natural fluctuations and FO
estimation errors.

2.2 Pitch-adaptive smoothing

The central idea of the proposed method isthat it con-
siders the periodic excitation of voiced speech to be
a sampling operation of a surface S(w,t) in a three-
dimensional space defined by the axes of time, fre-



guency, and amplitude, which represent the global
source characteristics and the shapes and movements
of articulation organs. In thisinterpretation, a periodic
signal s(t) = s(t + np) with afundamental period 7o,
is thought to provide information about the surface for
every 7o in thetime domain and every fo = 1/79 inthe
frequency domain. In other words, voiced sounds are
assumed to provide partial information about the sur-
face. The goal of spectral analysisthat enablesflexible
manipulation isto recover the surface S(w, t) using this
partial information.

However, speech is neither purely periodic nor sta-
ble. Also the estimation process of the fundamen-
tal frequency inevitably introduces estimation errors.
The desired algorithm hasto take these factorsinto ac-
count. A more dependable representation of this non-
stationary repetitive aspect of speech waveformsis as
follows.

=3 ar()sin (/ Kolr) +wi(r))dr + m)
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where o, () representsthetimevarying amplitude of &-
th harmonic component, w . (7) represents atime vary-
ing fundamental angular frequency of &-th component,
and ¢, represents the initial phase at time 7. This
equation implies that a speech waveform is a nearly
harmonic sum of FM (frequency modulation: repre-
sented by wy (7)) sinusoids modulated by AM (am-
plitude modulation: represented by «. (¢)) parameters.
We assume that o (¢) represents asampled point of the
surface S(w, t). Thiseguation also suggeststhat a fun-
damental frequency derived from adifferent frequency
range may have a dlightly different value. The form
of this equation is very close to that of the sinusoidal
representation [18, 5], but the procedure in using this
formulation differs quite a bit.

Short-term Fourier analysis of this signal yields a
time-frequency representation of the signa F(w,t),
known as a spectrogram [8]. The spectrogram exhibits
an almost regular structure from the signal periodicity
in both the time and frequency domains. Thisrepresen-
tation isaresult of smearing due to the time-frequency
representation of the time windowing function. The
uncertainty principle introduces a trade-off relation be-
tween frequency resolution and temporal resolution of
the windowing function. It istherefore desirableto use
atime windowing function w(¢) which has equivallent
relative resolution in both the time and frequency do-
mainsto take the full advantage of the available partia
information.

Assume that the time window function w«(t) to have
the following form.
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Figure 1. Interpolation and smoothing in a one-
dimensional case. (a) illustrates a piecewise linear in-
terpolation and equivalent smoothing operation using
the smoothing function (d) constructed by a convolu-
tion operation of two first-order cardinal B-splinefunc-
tions (e). Actualy (d) is a second-order cardina B-
spline function. (b) illustrates the effects of FO errors
on an interpolation operation that only relies on knot
points. Note that the distortion increases proportion-
ally with the harmonic number. Here, ‘DF’ denotesthe
error in FO estimation and ‘n’ represents a harmonic
number. (c) illustrates the effects of FO errors on the
smoothing operation. Note that the distortion is local-
ized and independent of the harmonic number.

70

Ww) = e/’ ®)

2

where W (w) represents the Fourier transform of w(z),
and wo = 27 fo. Since the fundamental period (ro(t) =
27 Jwo(t)) varies with time, the analysis window size
also adaptively follows the change.

Our goal is to reconstruct a smoothed time-
frequency representation S(w, t), which has no trace
of interference caused by the periodicity of the signal,
based on the partial information given by the adaptive
window analysis. This is considered to be a surface
reconstruction problem that is based on partial infor-
mation. It istherefore necessary to provide constraints
for the problem so that a unique solution can be ob-
tained. One reasonable constraint is to have only local
information used.

Consider the one dimensional case. The simplest
reconstruction method using discretized partial infor-
mation like amplitudes of harmonic components of
voiced sounds, isto connect harmonic peaks by straight
lines[]. In other word, it is to represent the recon-
structed surface as a piecewise first order polynomial.



Figure 2: Isometric 3D spectrogram of aregular pulse
train (100 Hz).

However, agorithms based only on knot points are nu-
merically fragile for real speech signals, because rea
speech signals are not precisely periodic and consist of
natural fluctuations and noises. They are also sensitive
to small errors in fundamental frequency estimation.
Instead, we propose using a smoothing function that
provides an equivalent piecewiselinear representation.
It is a convolution (smoothing) using a 2nd-order car-
dinal B-spline function. The procedureisillustrated in
Figure 1. Smoothing operation is preferableto interpo-
lation operation for real speech, where noise and error
in FO estimation are inevitable, because the smoothing
operation is less sensitive to those problems and resul-
tant errors are localized, as shown in the Figure.

In our previous papers [16, 15], a two-dimensional
smoothing procedure was prpoosed to implement the
basic idea. In thisreport, a set of pitch adaptive time
windows are introduced to calculate phase insensi-
tive power spectrawhich reducesthistwo-dimensionla
smoothing operation into one dimensional smoothing
operation mentioned above.

2.3 Power spectrum with reduced phasic
interference

In this section, a compensatory set of time windows,
which provides an effectively phase insensitive spec-
trogram is introduced. It means that it is not neces-
sary to apply the 2nd-order cardinal B-spline smooth-
ing function to remove the periodic interference from
such spectrogram. Instead, it is sufficient to perform
the spline-based smoothing only in the frequency do-
main, once the tempora interference is effectively
eliminated.

First of all, an examplar periodic interference using

Figure 3: 3D spectrogram of aregular pulsetrain (100
Hz) using a pitch synchronous modification.
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Figure 4: Compensatory time window (solid ling) and
its original time window (dashed line).

isometric rea valued time window is illustrated. Fig-
ure 2 shows interference for a test signal consisting of
regular pulses with a constant fundamental period (10
ms). Regular 'holes’ exist both in the time and fre-
guency domains where neighboring frequency compo-
nents become out of phase.

It is possible to remove tempora interferences
around peaks by employing a pitch synchronous anal-
ysis by constructing a new time windowing function
w,(t) based on acardinal B-spline basisfunction which
sizeisadaptiveto the fundamental period. The second-
order cardianl B-spline function is selected because it
places the second-order zeros on the other harmonic
frequencies. This makes the resultant spectrum less
sensitive to FO estimation errors. Figure3 shows a 3D
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Figure 5: 3D spectrogram of aregular pulsetrain using
a compensatory time window.

spectrogram of the same pulsetrain using thetimewin-
dow given in the following equation.

wy(t) = ) o h(t/t0) (4
) = [l <1
nt) {O otherwise

where ¢ represents convolution. The spectrogram il-
lustratesthat periodic interferenceisstill existsin spec-
tral vallay areas.

It is possible to design a compensatory time window
that produces maxima where the original spectrogram
has 'holes’. The compensatory time window for the
pitch synchoronous time window w,,(t) hasthe follow-
ing form. The sinusoidal modulation of Equation 5 is
designed to perform frequency conversion and phase
shifting at the sametimeto fulfil the requirement. Con-
sider a set of neighboring harmonic components. The
sinusoidal modulation upconverts the lower harmonic
component to the amount of FO/2 and downconverts
the higher harmonic component to the amount of FO/2.
It also shifts their phases towards the opposite direc-
tionsto theamount of = /2 each. Thisphase shift makes
out-of-phase in-phase and produces maximawhere the
original spectrogram has’holes’. Thewindow function
isillustrated in Figure 4.

wo(t) = w,(t) Sn <7—:—O) ®)

The power spectrum using this compensatory win-
dow is shown in Figure 5. A power spectrum with
reduced phasic interference P, (w,t) is represented as
aweighted squared sum of the power spectra I°,(w, t)
and P, (w, t) using this compensatory window and the
original time window, respectively.

Pr(w,t) = /Pw,t) + EPXw, 1) (6)

i
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Figure 6: 3D spectrogram with reduced phase effects.

where £ is selected to minimize temporal variation of
the resultant spectrogram. A numerical search proce-
dure provided 0.13655 for the optimum blending factor
£. Figure 6 illustrates the reduced phasic interference
spectrogram obtained using this €.

Using this optimum blending factor, it is possible
to eliminate needs for temporal smoothing using the
2nd-order cardianl B-spline smoothing function. Italso
enables dower frame rate for calculating spectrogram.
These changes from the previous implementation are
very effective to reduce the demand on the computa-
tional power.

24 Compensation of over-smoothing in
the frequency domain

One problem with the algorithm described in the pre-
vious section is over-smoothing, which occurs due to
smearing caused by the time windowing function. For
example, in the frequency domain, a power spectrum
which is calculated by short term Fourier transforma-
tion, does not have a line spectral structure. Each har-
monic component is smoothed by the frequency do-
main representation of the time windowing function.
Then the smoothing function A () in the frequency do-
main has to operate on this already smoothed spec-
tral representation to eliminate interferences caused by
the signal periodicity. This operation successfully re-
moves the interference, however at the same time it
also smoothes the underlying spectral structure. This
over-smoothing is illustrated in Figure 7. The over-
smoothing v(w) is also represented as afunction of the
frequency representation of thetimewindow W (w) and
the 2nd-order cardinal B-spline smoothing function in
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Figure 7: Over smoothing example. The desired basis
function of the 2nd-order cardinal B-spline (solid line)
is smoothed out (dashed line) by the smoothing effect
of the time window (dotted line).

Figure 8: The optimal 2nd-order smoothing function.

the frequency domain A(w).

o(w) = /OC W (w — A)h(\)dA )
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Assume that the over-smoothed spectrum is reason-
ably approximated by the convlution of v(w) and the
line spectrum sampled from the underlying continuous
spectrum at each harmonic frequency. Then it is possi-
ble to recover the original spectral values at each har-
monic frequency by applying a compensating opera-
tion which transforms v(w) to have only one non-zero
value at each harmonic frequency. In other words, the
problemisreduced to aninversefiltering problem. The
requirement is written asfollows. The goal isto find a

set of coefficients ¢, (k = —N...N).

k=N
up = Z cpv— (8)
k=—N
where
_ 10 171=00
e {0 O otherwisel ©

where [V isareasonably largeinteger which effectively
make v negliglble and v, represents v(kw). Itis nec-
essary to use more than 2N + 1 set of thisrelation to
find aunique solution to this problem. It yieldsthe fol-
lowing simultaneous linear equations.

u = Hc (10)
—_ !
U = [ a1, ooy 20,y e e, WAT—1, Uag]
— i} , , ) ) !
C = [e-n,coN+1eer €00 ON -1, 0N]
N ... 1 ... N
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where [ " represents transpose of a matrix. The solu-
tion is represented as follows.

c=(HH)"*Hu (11)

Figure 8 shows the optimal smoothing function for
a previoudly introduced isometric Gaussian time win-
dow. Figure 9 a so showsthe shape of the compensated
over-smoothing function. Note that only one values at
each node point is hon-zero.

However, this optimal smoothing function intro-
duced a new problem. We required the algorithm to be
localized. The size of support of the optimal smooth-
ing function is effectively 3 times larger than the orig-
inal smoothing function. It is desirable to calculate
a quasi optimal smoothing function with smaller sup-
port. The desired quasi optimal smoothing function
can be calculated by making N small, 1 for example.
Figure 10 shows the shape of the recovered impulse
using a quasi optima smoothing function which con-
sists of three second-order cardinal B-spline functions
(N =1).

3 Extraction of smooth and reli-
able FO trajectories
For flexible and high-quality modification of speech

parameters, it isal soimportant to extract FO trajectories
which do not have any trace of interferences caused by



Figure 9: Recovered impulse using the optimal
smoothing functions (solid line: 2nd-order, and dashed
line: 4th-order).
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Figure 10: Recovered impulse using the optimal
smoothing function and the quasi-optimal smoothing
function (solid line: quasi-optimal, dotted line: opti-
mal, and dashed line: basis function).

phasic interaction between analysis time window and
the waveform of a signal. Pitch extraction agorithms
based on the usual definition of periodicity do not be-
have well for this purpose, because a natural speech
signal is neither purely periodic nor stable. For exam-
ple, nearly periodic signals represented by Equation 1
do not satisfy the usual definition of periodicity shown
below.

s(t +To) = s(t) (12)

Where, Ty is the period. Pitch extraction algorithms
based on the usual definition of periodicity try tofind 7y

to minimize some distance measure between s(t + Tp)
and s(t) for a certain duration. However, there is no
reason for the 1/T, extracted in that manner to agree
with the instantaneous frequency|[5, 6, 1, 2] of the fun-
damental component in Equation 1. Therefore, it isbet-
ter to extract the instantaneous frequency of the funda-
mental component directly, if we use the signal model
represented by Equation 1.

3.1 Basicprinciple

In the proposed method, the fundamental frequency is
extracted as the instantaneous frequency of the fun-
damental component of the signal. This may sound
strange to some readers, because selecting the funda-
mental component requires knowledge of the funda-
mental frequency in advance.

This apparent contradiction is solved by introduc-
ing ameasure to represent the ‘ fundamentalness’ with-
out using a-priori knowledge about the fundamental
frequency. A fairly wide class of analyzing wavelets
makes the output, which corresponds to the fundamen-
tal component, have smaller FM and AM than the other
outputs. These analyzing wavelets correspond to afre-
guency response that is designed to have a steeper cut-
off at the higher end and a slower cut-off at the lower
end. Let us define the ‘fundamentalness’ to have the
maximum value when FM and AM modulation mag-
nitudes are minimum and to have a monotonic relation
with the modul ation magnitudes.

Figure 11 illustrates how this definition worksin the
case of analyzing a complex sound with several har-
monic components. When no harmonic component is
within the response area of the analyzing wavelet (case
(8 in the figure) , ‘fundamentalness’ in this case pro-
vides the background noise level. When the funda-
mental component is inside the response area but not
at the best (or characteristic) frequency of the analyz-
ing wavelet (case (b) in the figure), ‘ fundamental ness
is not very high because of the low signal to noise ra-
tio. When thefreguency of thefundamental component
agreeswith the best (or characteristic) frequency of the
analyzing wavelet (case (c) in the figure), the highest
signal to noise ratio causes ‘fundamentalness’ to be
maximum. When the frequency of a harmonic compo-
nent other than the fundamental component agreeswith
the best (or characteristic) frequency of the analyzing
wavelet (case (d) in the figure), even though the signal
to noise ratio in terms of the specific harmonic com-
ponent provides the highest value, ‘fundamentalness
is not high, because two or more harmonic compo-
nents are located within the response areadueto thein-
tended filter shapedesign. The other casesalso provide
lower ‘fundamentalness’. Thus, maximum ‘fundamen-
talness assures that the filter actually corresponds to
the fundamental component in question.
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Figure 11: Schematic explanation of how ‘fundamen-
talness' works. (@) an analyzing wavelet (filter shape)
covers no harmonic component. (b) only the funda-
mental component is inside the receptive area. (c) the
fundamental component islocated at the best frequency
of the analyzing wavelet. (d) a higher harmonic com-
ponent islocated at the best frequency of the analyzing
wavel et

Therearemany functionsthat havetherequired filter
shape. A Gabor function is one example. A factor-of-
merit isintroduced to represent this ‘ fundamental ness
using the FM and AM magnitudes as follows.

Using an analyzing wavelet g (t) made from a
complex Gabor function having a dightly finer reso-
[ution in frequency (i.e. n > 1), theinput signal can be
divided into a set of filtered complex signals D (¢, 7.).

D(t,'rp) = |’r0|7% /;ocs(t)g/l(; (t;u)du(13)
gac(t) = g(t—1/4)—g(t+1/4) (14)
g(t) = cfﬂ(ﬁ_') e—d2mt (15)

The characteristic period of the analyzing wavelet . is
used to represent the corresponding filter channel.

The ‘fundamentalness' index M (¢, 7.) is calculated
for each channel (r.) based on the output. The defini-
tion of theindex is given asfollows.

—log l/ﬂ (%)zdu] +log {/Q |D|2du}
I (w)zd“] +10gQ(r.) +2I

where the integration interval Q(r,) is set proportional
to the size of the corresponding analyzing wavelet and

M =

—log

isafunction of 7,.. Thefirst term represents the magni-
tude of AM component. The magnitude of AM is nor-
malized by the second term which represens the total
energy. Thethird term represents the magnitude of FM
component. The magnitude of FM is normalized by
the fifth term which represents squared frequency. The
fourth term is the normalization factor of the temporal
integration interval. These normalization make the in-
dex M dimension-less number, meaning it is scalable
to any FOs and sampling frequencies.

In practice, it isbetter to use adlightly modified def-
inition, because the FO trgjectory normally consists of
rapid movements that carry prosodic information. Re-
moving the contribution of the monotonic FO move-
ment reduces artifacts on the ‘fundamentalness’ eval-
uation caused by prosodic components.

. 2
]\/[C = —|Og [/Q (% — [LA]\/[) du]
. > 2
—log l/ﬁ (dzrifgl)) - NFM) du]
+log U |D|2du} +1og Q(7p)
JQ
+2log o (17)
Ham = —/ <d|D|) (18)
2
[T —/ (d jSED)) (19

Extracting FO simply means finding the maximum
index of M, interms of 79 and calculating the average
(or more specifically, interpolated) instantaneous fre-
guency using the outputs of the channels neighboring
T0-

Theinstantaneous frequency w(t) of onefiler output
signal D(t, o) is calculated using the following equa
tion.

2f. arcsin

(20)

D(t — At/2, 1)
[D(t — At/2,70)]

w(t)
Yd (t)

|yd(t)|
2

D(t +At/2, 7o) _
Dt + At /2, 70)|

3.2 Evaluation of FO extraction perfor-
mance

It isimportant to mention detail sabout the performance
and properties of the proposed FO extraction method
becauseit providesaninterestinginsight intohow toin-
rate the source characteristics and the spectral char-
teristics.
A preliminary test on the baseline performance of
the proposed fundamental frequency extraction method
was conducted.



SIN % success standard deviation
00 100% 0.004 Hz
40 dB 100% 0.13 Hz
30dB 100% 0.28 Hz
20dB 100% 0.86 Hz
10dB 95.7% 277 Hz
0dB 43.0% 6.34 Hz
0 dB (envelope) 86.5% 5.22 Hz

Table 1: Relation between S/N and rms (root mean
square) error in FO extraction for a pulse train with
white noise. The last row represents the result when
the envelope of the origina signal that was calculated
using Hilbert transform is used as the input to the pro-
posed FO extraction procedure.

3.2.1 Pulsetrain and white noise

A preliminary test was conducted using white noiseand
apulse train. The average signal to noise power ratio
was manipulated from infinity, 40dB to 0 dB in 10dB
steps. Only a 100Hz pulse train was tested, because
the proposed procedure is scalable and independent of
the sampling frequency and FO. Table 1 illustrates the
results. The FO search range was from 40 Hz to 800
Hz, and no post-processing wasinvolved. Theratio be-
tween center frequencies of adjucent channelsis 21/12,
The last line shows the result obtained when an enve-
lope signal was used astheinput instead of using signa
waveform itself.

Note that the rms (root mean square) deviation from
thetruefundamental frequency of the pulsetrainispro-
portional to the rel ative noise amplitude. When the S/N
is40dB in the FO frequency region, a0.13% rmsdevia-
tionis possible. The method isrelatively robust. Even
under a0dB signal to noiseratio, a40% successratefor
FO extraction and deviation of lessthan 6% rms are ob-
tained. The tolerance to noiseis increased 6dB by us-
ing the envelope signal (that is calculated using Hilbert
transform of the original signal) astheinput signal. In
this case, an 86% successrate for FO extraction and de-
viation of less than 5% rms are obtained.

Figure 12 shows a scatter plot of relative FO extrac-
tion errors versus the ‘fundamentalness index. Fig-
ure 13 also shows the average relation between the
‘fundamentalness' and rms (root mean square) error of
FO extraction. Thelinear relationship isdueto thesim-
ple definition of the instantaneous frequency. Thisre-
lation enables one to estimate the FO extraction error
based on the ‘fundamentalness’ index at the sametime
as the FO extraction. Thisis avery useful attribute of
our method and the ‘fundamentalness’ can be used to
implement a coding scheme without a U/V (unvoiced-
voiced) decision process.

pulse train with white noise
T

relative error (%)

fundamental-ness

Figure 12: Scatter plot of ‘fundamentalness’ and FO
errors.

pulse train with white noise
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>
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Figure 13: Relation between ‘fundamentalness and
rms FO errors.

3.2.2 Speech and EGG database

A speech database with simultaneous EGG (Elec-
tro Glott Graph) recordings, made available by Nick
Campbell (ATR Interpreting Telephony Research Lab-
oratories), was used to evaluate the practical behavior
of the proposed FO extraction method. The data used
in the test consisted of 208 sentences spoken by amale
speaker and a female speaker. The total duration of
voicing was 159 seconds for the male dataand 266 sec-
onds for the female data. Animproved AMDF method
[9] and the ‘get_fO' procedure in the ESPS [22]

FOs were extracted every 1ms. This exceedingly
fine temporal resolution is meaningful for performance
evaluation, because FO extruction errors are dependent



errorswith the proposed method

ordinary  subharmonic total
NC: 2.86% 0.06% 2.92%
FHS: 0.96% 0.27% 1.23%
errorswith improved AMDF
ordinary  subharmonic total
NC: 1.90% 0.70% 2.60%
FHS: 0.87% 148% 2.35%
errorswith get _fO (ESPS)
ordinary  subharmonic total
NC: 0.31% 2.65% 2.96%
FHS: 3.28% 0.93% 4.21%

Table 2. Comparative performance of the proposed
method, an improved AMDF method and a commer-
cial method.

on noise and fluctuations in a analysis segment. A
comparative performance eval uated based on the EGG
recordings is given in Table 2. FO differences greater
than 20% were counted as errors. Note that by in-
troducing a heuristic weighting on A7, the error rate
may be further reduced. These results indicate that the
method is competitive or supersedes existing FO extrac-
tion methods.

It is interesting to apply the proposed FO extrac-
tion procedure both to EGG data and to correspond-
ing speech, because the procedure only concentrates
on the fundamental component while the conventional
EGG measurement is based on measuring the interval
between glottal closures which are inevitably affected
by components other than the fundamental component.

Figure 14 and Figure 15 show histograms of error
counts between the EGG results and speech results for
the two subjects. The figures represent results with a
heuristic weighting. In the gross error case, more than
20% of the FO discrepancies arelessthan 0.8% in total.
M oreover, more than 50% of the female dataare within
0.3% of the EGG FO. This performance is one of the
best ever, even with current technical standards.

It should be pointed out that the FO extraction proce-
dure, developed asapart of the STRAIGHT procedure,
demonstrated an extremely accurate and robust perfor-
mance. It can be used as a general purpose procedure
to extract “fundamental-like” components in arbitrary
signals. We would like to suggest calling the proce-
dure TEMPO (Time-domain Excitation extractor using
Minimum Perturbation Operator.)
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Figure 14: Histogram of extracted FO in relation to FO
extracted from the EGG data. (Speaker: NC (male),
with heuristics)

4 |Integration to a speech manipu-

lation system

These component procedures are integrated into a
speech manipulation system as a channel VOCODER.
Figure 16 illustrates the structure of the proposed sys-
tem. It should be mentioned that there is an alternative
implementation based on the sinusoidal model givenin
Equation 1. We will focus on the latter implementation
here, becauseit provides simpler control on the percep-
tual attributes of the resynthesized sounds, especialy
for speech sounds.

The variable filter part of Figure 16 isimplemented
using a minimum phase impulse response and overlap
and add procedure. The source generation part also
employs all-pass filters to reduce the buzzy timbre due
to a conventional pulse excitation. A brief description
about the all-passfilter design can be found in our pre-
vious paper and detailed discussions will be given in
the other paper.

The minimum phase impulse responseis prefered in
the current implementation because our auditory sys-
tem is sensitive to a specific type of phase characteris-
tics, in the other word, temporal asymmetry [21]. The
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Figure 16: A schematic diagram of the proposed
speech analysis-modification-synthesis system.

report on detectability of group delay al so suggeststhat
the magnitudes of group delaysassociated with spectral
peaks and dips found in narural speech are perceptu-
ally detectable. It is therefore reasonable to adopt the
physically feasible representation, the minimum phase
impulse response, to implement the desired amplitude
response.

4.1 Minimum phase impulse response
and fine pitch control

A moreformal description on thevariablefilter and the
source generation parts are given here. In a source-
filter model, the extracted f; (in fine resolution) isused

1

to re-synthesize speech signal (¢) using the following
equation.

- Y L -1
y(t) - =, G(fo(tL)) Z,L(t T(tl))
o) = T e )0 O
_ 1
where T(t;) = E 4G(fo(tk))

L €Q k<

where Q represents a set of positions in the excitation
for the synthesis, and G/(') represents the pitch mod-
ification. G( ) can be an arbitrary mapping from the
origina FO to the modified FO. For example, The all-
passfilter function ®(«) isused to control thefine pitch
and the temporal structure of the source signal. For ex-
ample, alinear phase shift in proportion to frequency
is used to control FO at afiner resolution than that de-
termined by the sampling frequency.

V(w,t;) represents the Fourier transform of the
minimum phase impulse response [20], which is
caculated from the modified amplitude spectrum
A(S (u(w), (1)), u(w), r(¢)), where A(), u(), and r( )
represent manipulations in the amplitude, frequency,
and time axes, respectively.

Viw,t) = exp(\/% /0m h[,(q)cj”qdq) (22)

0 (g <0
hi(q) = { (0 (¢=0)
2¢,(g) (¢>0)

and

_i me_j”q / u(w), r u(w), r w
ciq) = \/2—7_/_5( T4 og A(S (u(w), r(#)), u(w), r(t))d

(23)
where ¢ represents the quefrency.

5 Analysis, modification and syn-
thesis of real speech examples

A set of experiments involving analysis, modification
and re-synthesis using real speech data, was conducted
under the following conditions:

(1) Use of sampling frequencies of 8kHz, 12kHz,
16kHz, 22,050Hz, and 24kHz with 16-bit linear A/D
converted speech.

(2) Analysis of isolated words and sentences spoken by
male and femal e subjects in Japanese and English.

(3) Setting of the FFT length at 1024. (4) Analysis ev-
ery 1 msto produce 513 x 1000 data points per second.
(5)Extraction of fundamental frequencies every 1Imsin
a search range of from 40 Hz to 800 Hz without any
iterative post-processing.



Figure 18: Pitch synchronous analysis. 3D representa-
tion.

Examplese using real speech samples are shown to
illustrate operations and various representations in the
proposed method.

5.1 FOextraction

Figure 17 shows results of the source information
analysis using the proposed instantaneous-frequency-
based procedure for areal speech example ‘right’ spo-
ken by afemale subject. The top plot shows the input
waveform of an utterance of the word ‘right’ by a fe-
male speaker. The second panel shows the total power
of wavelet outputs. The center plot isthe extracted fun-
damental frequency. Thethin linein the plot represents
the voiced part, and the thick dots represent data points
classified as unvoiced. The next plot shows ‘funda-
mentalness' values associated with the extracted fun-
damental frequencies. The next plot illustrates output
power that corresponds to channels consisting of the
fundamental component. The bottom image illustrates
a‘fundamentalness’ map for al channels. Notethat the
voiced part corresponds to the salient dark blob in this

map.

5.2 Spectral envelope extraction

The extracted FO information is used to control the
spectral envelope extraction procedure. The pitch syn-
chronous analysis using a rectangular time window
whoselength is set equal to the fundamental period was
also conducted for comparison. Figure 18 shows a 3D
representation of the pitch synchronous spectrogram.
The figure illustrates voiced portion. There are con-
siderable spectral fluctuationsin spectral valleyswhile
spectral peaks in the lower frequency region shows
smooth behavior.
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Figure 19: Isometric Gaussian spectrogram: 3D repre-
sentation.

Figure 20: Spectrogram with reduced phasic interfer-
ence: 3D representation.

Those fluctuations in spectral valleys are artifacts
due to sharp discontinuities at the both edges of the
rectangular time window. It can be concluded by com-
parison with Figure 19. Figure 19 shows a 3D spec-
trogram using an isometric Gaussian time window that
is defined in Equation 2 and is pitch adaptive. As the
Gaussian window has the minimum uncertainty, regu-
lar local peaks virtually represent the sampled values
of the underlying spectral envelope. These peak val-
ues change more smoothly than the pitch synchronous
spectrogram, both in the time domain and in the fre-
guency domain, indicating that the underlying spectral
envelopeis much smoother than the conventional pitch
synchronous analysis suggests.

Figure 20 shows a spectrogram calculated by a re-
duced phasic interference procedure. It also indicates
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Figure 17: Source information of female pronunciation of ‘right’ extracted by the proposed instantaneous-based

procedure.

that strength of each harmonic component changes
smoothly with time. As the effective temporal resolu-
tion is about 1.4 times of the isometric Gaussian win-
dow shown in Figure 19, it is safe to conclude that the
temporal change of the spectral envelope is actually
smooth.

Figure 21 shows the final spectral envelope after
eliminating both temporal and frequency interferences.
Traces of harmonic components are effectively re-
moved in the fugure and it makes undearlying spectral
change like formant transitions salient.

Another examples of pitch synchronous analysisand
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Figure 21: Spectrogram without the time-frequency in-
terferences due to periodicity: 3D representation.

Figure 22: Pitch synchronous analysis:3D representa-
tion.

pitch adaptive smoothing for spectrum estimation are
given in the following Figures 22, 24, 24 and 25. The
sample is a sustained Japanese vowel /a/ spoken by a
male subject.

Spectral valleys are also smeared in the pitch syn-
chronous analysis. The smearing is clearly shown by
comparing overlayed 2D spectral plots in Figures 24
and 25. The displayed portion is the same as the 3D
plots.

5.3 Manipulationsand resynthesis

The extracted FO information and the spectral enve-
lope are represented as a vector and a matrix of real
numbers. These simple representations make param-
eter manipulation easy and direct. For example, to
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Figure 23: Pitch-adaptive smoothing using cardinal B-
spline:3D representation.
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Figure 24: Pitch synchronous analysis:3D representa-
tion.

chagethe speaking rate of the reproduced speech, anin-
verse mapping function from thetarget temporal axisto
the original temporal axis enables the transformation.
M odification of vocal tract length can be approximated
by alinear conversion of frequency axis, becauseit is
equivalent to modify the wave propagation time from
glottis to mouth. FO modification isaso trivial. These
parameters are fed to the source generation part and the
variablefilter part in Figure 16.

5.4 Resynthesized speech quality

The original sound files and the manipulated files
are located on the web site which is accompanied
with the Speech Communication Journal. Other ma-
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nipulation examples are also presented on the same
page. Informal listening tests have demonstrated that
re-synthesized speech signals are sometimes indistin-
guishable from the natural ones even under careful
headphone listening conditions. Witn an unrealistic
combination of manipulation parameters, for example
avery short vocal tract and alow FO, the re-synthesized
speech sounds strange, but doesnot likely tohavean ar-
tificial timbre. Although the proposed method isclassi-
fied as an analysis-synthesis coding scheme, its quality
as a coding system is comparable with waveform cod-
ing schemes like ADPCM. However, information rate
is exceedingly high.

6 Discussion

Preliminary examination of several utterances showed
that the interpolated spectrogram analyzed by the new
procedure was surprisingly smooth. Thisindicates that
there is alot of room for information reduction; it is
a good starting point for investigating information re-
duction because the resynthesized sound from this ap-
parently smooth spectrogram preserved a considerable
amount of fine details of the original speech quality.
The magnitude spectrogram, which has no trace of
the source periodicity, is a highly flexible represen-
tation for manipulation because any modification still
directly corresponds to a feasible waveform through
a complex cepstrum representation or a direct sinu-
soidal representation. This flexible representation and
the non-parametric nature of the proposed method
also open up various applications like voice morphing
[23], electric musical instrument synthesisand efficient
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reuse of existing sound resources.

It is aso have to be pointed out that this work was
initially motivated by our need for aflexible and high-
quality real-time analysis-synthesis method to use in
our on-going experiments on auditory feedback [17].
Asaresult, the procedure consists only of feedforward
algorithms and does not rely on iterations to optimize
some criteria.  Actually, the proposed method heav-
ily uses a combination of Fourier and wavelet analysis
techniques. The major difference between our method
and prior methodsis that oursinvolvesinformation ex-
pansion, rather than reduction. This information ex-
pansion allows great flexibility in manipulation and
stimulates an interesting speculation about the role of
information expansion along with mammalian auditory
pathways.

Analysis-and-synthesis methods such as ours were
believed to give a poorer speech qual-
ity than waveform-based methods. The reproduced
sounds by the proposed method, however, seemto pro-
vide a counter example. They suggest that the original
concept of the VOCODER till holds, and that speech
quality based on analysis-and-synthesis schemes can
be improved further. This implies that precise repro-
duction of the source signal phase is not necessary for
high-quality speech reproduction. Rather, there can be
equivalent classes in which corresponding source sig-
nals have the same timbre while having different wave-
forms. It is practically as well as theoretically impor-
tant to characterize these equivalent classesin terms of
some statistical measures.

It has to be noted that the proposed set of proce-
duresis not an ideal method in sound coding yet. The
most elaborated part of our method is effective only for
voiced speech and similar signals. Currently it uses
simple STFT to estimate magnitude spectrum for un-
voiced speech. It is necessary to incorporate more so-
phisticated signal models like MBE (MultiBand Exci-
tation), [13, 11] multi-pulse [7] and others [3] to rep-
resent wider range of sounds appropriately. However,
even with these shortcomingsat thislevel of implemen-
tation, resynthesized speech using current systemisal-
most equivalent to natural speech in terms of ‘natural-
ness. It also inherits conceptual simplicity and great
flexibility in speech parameter control from the channel
VOCODER. These characteristics make the proposed
method auseful tool for speech perception and produc-
tion research.

The proposed method allow us to test perceptual
contributions of various spectral/temporal modifica-
tions in the vicinity of very natural reference signals.
In the other words, it provides us a mean to test hu-
man speech perception mechanisms under ecologically
valid situmuls conditions. Preliminary tests have sug-
gested that human auditory perception is highly spe-



cialized for detecting changes which affect interpreta-
tion of auditory scene. The new concept ‘fundamen-
talness' aso provides an interesting interpretation of
the pitch perception of inharmonic partials produced by
AM. These, we believe, will provide interesting hints
for developing a computational theory of auditory per-
ception.

7 Conclusion

New procedures to represent and manipulate speech
signals, based on pitch-adaptive spectral smoothing
and instantaneous-frequency-based FO extraction, have
been presented. Elaborated procedures were designed
for eliminating any traces of interferences caused by
the signal periodicity to enable flexible manipulations
of speech paremeters. These procedures are integrated
to implement a sophisticated channel VOCODER sys-
tem. We would like to call this set of procedures as
STRAIGHT (Speech Transformation and Representa-
tion using Adaptive Interpolation of weiGHTed spec-
trum).

The proposed method offers high flexibility in pa-
rameter manipulations without introducing artificial
timbre which is specific to synthetic speech sig-
nals, while maintaining a high reproduction quality.
This may help promote research on the relation be-
tween physical parameters and perceptual correlates.
The fundamental frequency extraction procedure also
provides a versatile method for investigating quasi-
periodic structures in arbitrary signals. These proce-
dures may also provide an aternative approach for es-
tablishing ‘the computational theory of Auditory Scene
Analysis'.
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