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ABSTRACT

N
This thesis deals with careful non-real time LPC analysis. First, a baseline sys-

! ’ '
tem is described. It -yses a pitch-synchronous covariance method analysis, with

the pitch-synchrony provided by a laryngograph signal. The reliability of voicing

decisions and fundamental frequency determination is increased, and work to find

L

a better vdiged excitation waveform is then prese'nted. Buzziness in the synthes}is
of voiced-fricatives is reduced by adding white noise to thelexcitation, and
regio;ls where this should be done are automatically determined using three
parameters: the total power, the ratio of high freque;ncy power to total power,
‘and the 'baudwidth‘ of the first formant. Propertiei of covariance method LPC
analysis are explored: setting a lowle'r limit on the valug pf .Bl is found to increase

*

the quality of the synthesis, and the need for pitch-synchrony is discussed.

e
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Electronic speech analysis and synthesis systems based on the source-filter model

for speech production can be traced back’ l;d 1939, w_hen H. Dudley at Bell

Laborétories‘developed the voice coder, or vocoder[l]. This device, m-ore pre-
cisely referred to as a channel vocoder, used a bank of bandpass.ﬁlters to obtain
a represen.tation of the amp‘litud'é spectrum of the speech. signal. An excitation
signal, either fét periodic signal or white noise, was passed through a bank of
bandpass .ﬁlters and the 9utputs summed to produce synthetic speech. The main
motivations at the time, and prob;a,hly to this day, were fundamental interests in

speech production and efficient voice communications.
‘<

The advent of digital computers, sampled-data theory and integrated
circuits (;reated new possibilities for speech synthesis. Motivations for speech out-
put research from the 1960s to the present include low bit-rate digital speech
communication systems and text-to-speech systems. More recent applications for
sp;eech .synthesis (and speech recognition) include air traffic control equipment,
aids for the -handicapped, and study of the human auditory systen; and its
disorders. Speech input/output is also particularly attractive in aeronautical
applic.ations beca&se_the workload on fighter and helicopter pilol;s hz’g in‘crea.scd
tr_emendously during the Past decades, and speech input/oufput can r'elieve pilots
of manual tasks. Such is the motivation for the research being conducted and the

National Aeronautical Establishment (NAE) Speech Research Centre, a division

of the National Research Council of Canada (NRC). More specifically, regarding
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speech putput,, the aim o[’ the Centre is' to produced synthe‘tid speech of' h’igh

quahty and high ﬂexlbnhty ngh quality speech simply means that the speech is

. -

mtelllglb,le mthout effort. This is 1mportant in applications that involve human
risk, as tests sliow that our reaction time tb unnatural speech is longer than,our
reaction time to natural speech[2]. Flexibility means that timing and intonation

can be changed; this is useful to add emotions to- the speech, such as making it

M -

sound urgent, or giving it a more relaxed tone. Also, different voices can be used
1 . .

for different sources of information. To achievg these goals, the Centre developed

a Linear Predictive Coding (LPC) based speech analysis'and synthesis systern[3].
The Centre has also successfuliy developed algarithms to maripulate voice

-
characteristics.

LPC is a waveform roding technique that is commonly used for low-bit

rate digital speech communications. In such applications, several factors limit

the quality of the repfoduced speech. For example, the anélysis.and-synthesis

must, be cagried out in real-time, thus limiting the copplexity of -the algorithms

-

that can be used, and real-time communication systems must often operate with

. .

speech‘degraded by noise, reverberation, and distortions, which degrade the qual-

ity of the LPC analysis.

o

There are, however, other appli¢ations for which these limitations need

not apply. LPC may be used to estimate formants {model the vocal tract), to

generate stimuli for speech perception experiments, and. to encode speech

efficiently, as in the system being déveloped at the Centre. For these applications,

the analysis need not function in-real time, and the acoustic quality of the speech
) )
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to be analyzed (and reproduced) can be carefully controlled. As.a result of .this,

synthetic speech of high qu.a.lity can be obtained.

P

‘Although the speech ﬁﬁality of the LPC ‘system developed at the Centre °

was high, it was suspected that it could be improved; this' was the aim of the )

research described here. The author first verified various parameters and

assumptions about the LPC-based system, such as the amount of speech preem-

phasis, quantization. of filter coefficients, coding of filter coefficients, analysis

- order, smoothing of covariance matrices, and excitation function used. ‘Having

determined that the assumptions were valid and that the parameters were set

correctly, careful listening was used to identify specific problems. .

The first three chapters of this the3is present introductory information: -
Chapte'r 1 is on speech sounds in general, Chapter 2 presents speech output sys-
tems, with an emphasis on vocoder-based systems, and Chapter 3 introduces the

LPC-based vocoder developed at the Centre. ,

The research that was carried out by the author is then preéented in the

\
-remaining chapters. Chapter 4 presents problems caused by the origih:ll speech
Isggmentation program and hc;w they wé:re resolved, whereas Chapter 5 deals with
excitation functions for voiced speech. The synthesis of frqmes with mixed-
excitation is the subject of Chapter 6., and aspects of pitch-asynchronous LPC are
discussed in Chapter 7. This chapter does not deal with solving 2 speﬁiﬁc prqb-

lem to improve synthesis, but rather presents properties of LPC analysis that

were discovered during this research, and that may have wider implications.

- . . "-J‘f"‘-_{‘r(“



'Evaluat_ion of the performance of high qualify LPC ar'lalysis al?m-
thesis is not easy. There exists several methods to 6bté.in object_ive'meahurés'of .
speech .qualvit,y[flj'. Some measur‘e‘ the aécuracy in~fitting épectra. or loé’ating for-
maﬁts; tﬁese'methods ‘require a standard of reference fo‘r what \mﬂ;‘utes
‘‘correct” spectra or formant dht.;ll for real speech. Other methods measure con-
.tinuity _bf formant, tracks. Such .method:cs may give an indication of the reliability

of the analysis, but may also be misleading, because analysis methods which use

long overlapping window naturally impose continuity on the formant tracks.

—
~—

The normalized residual power can also be used, but this measure does not
always correlate with subjective judgments of quality. Signal-to-noise ratios.,

T

" . often used to evaluate waveform coding schemes, are -not useful here because
‘“;:*-,*'ﬁfpc-en;oded waveforms can show differences from ‘the original speech that are
not pergeptible. Althdugh we have not confirmed this beliel experimentally, the
| inbélligibility of the synthesized speech of the described system is almost certainly
too .high to be measured objectively. For these reasons, i.nformal subject':ive test-
_ing was used: the author iist_ened to various versions of 3 given synthetic speech

file and chose the version that sounded the best. In case of a doubt, several

listeners took part in a blind test to come to 2 conclusion.



CHAPTER 1

GENERAL INFORMATION ON SPEECH SOUNDS

1.1 Physiologicél aspects of spéech production

Several organs and muscles are involved' in ‘the spéech production pr;)ceé's. The
most important ones are the diaphragm; chest muscles, lungs, windpipe, vocal
cords, throat, r;a;;l p-;.ssages, JSinuses, mouth, and jaw. The diaphragm sets the
whole operation in motion. It is a flat muscular membrane below the rib cage,
and ;t separates the chest cavity from the abdomen. When we breathe, the
diaphragm lowers, and our chest muscles move our ribs outwards, thus distend-
ing our lungs. This -caus.es gxir to flow in. We then contract the diaphragm and
our rib cage, causirig some of the air in the lu’ngsi to flow out. The air passes
through the larynx, into the throat, nasal paésages, si.nuses, mouth, and out into
the open. We produce acoustic energy when we obstruct this air flow; this is usu-
- ally done with our voca& cords, but other mechanisms are possible. Once acoustic
energy is created, resonance t'rpm the- chest, throat, mouth and nose determines -

the identity of the sound we hear.

The vocal cords, or perhaps more technjcally the veocal folds, play a
major role in the production of speech sounds. Located at the top of the trachea
in an organ called the larynz, the vocal cords are two muscular folds that lie

opposite to each other. When relaxed, they are opened and do not obstruct the



aif flow. When'ter.lsed, théy come together, and ére caplable of a complete block-
ing of the air flow, such as when we hold our breat.:h._The space between the
vocal folds is called the g!ottz‘s: and the “glottal air flow” refers to the air volume
that Aows past the cords as a function of time. To produce.acou‘stic' energy, the
vocal cords undergo a periodic movement, and a single cyc_le of this ﬁiovement,
called a glottal cycle, can be described as follows: the cords are initially closéd;
air pressure,from the lungs forces them to open, apd as air starts to flow, the air
pressure in the glottis drops (Bernouilli principle). The low pressure violently
sucks the cords together, producing acoustic energy. The air pressure- behind the
closed cords then starts to build up again, and the process repea.fs itselfl. The
v6¢al cords can in some ways be corr:pared to ;,he lips, 1-Nhich can ’block the air
ﬁow’to various degrees, and can be made to open and close in a fast periodic way
(an example of such a fast periqdic -motioxr is the B’rrr sound —al‘labiai trill—
“that we rﬁake to indic:;.te-coldness). The closed glotitss interval of a glottal cycle is
when the folds are closed and completely block the air flow from the lungs. The
open glottis interval is when the folds are opened. Figure 1 shows the air flow
volume through the glottis as a ft.mction of time. Although acoustic energy can
be generated at other times in the glottal cycle[5], as occurs in breathy or clfeaiqlr

phonation, it is normally concentrated at the instant the vocal cords close due to

the large rate-of-change of the glottal air flow at this instant.

The rate at which the vocal cords open and close is called the funda-
mental frequency, and it correlates strongly with the perceived pitch of a speech

sound. The fundamental frequency is typically 100 times per second for male

<
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Figure 1: Glottal air flow, showing the closed glottis and open glottis intervals.

speech and 200 times per second for female speech. Determined by the air pres-
sure in the trachea and by physiological characteristics of the vocal cords such as

length, thickness, and tension, the fﬁpdamental frequency changes slowly relative

~ to the movement of other speech orghas:

-

During normal speech, the amplitude spectrum of the glottal air flow
consists of a set of harmonics separated from each other by the fundamental fre-

quency. The spectrum envelope falls of at an approximate rate of -12 dB/octave

(see Figure 2).

To some extent, we can change the spectrum of the sound generited by
the vocal cords. This can be done, for example; by modifying the tenseness of the

cords, or by varying the amount of air we expel.
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Figure 2: Log amplitude spectrum of glottal air flow
1.2 Classification of speech sounds ' ' -

Speech sounds can be broadly classified according to how acoustic energy is pro-

duced. When the only source of acoustic energy is the vocal cords, the sound is

classified as voiced. Examples of this are the vowels in fat, food, and feet, and - -

many consonants such as 1/, /m/, and /n/. (The / / symbol is used to indicate
phongmes, which will be described iﬁ the next paragraph.) When the vocal cords
“are not vibrating, but.‘ the-articulators — teeth, tongue, lips — or half-closed cords
- ——gre-used to create an audible turbulence in the air flow (frication}, the sound is
lsaid‘ to be voiceless. Exar;xbles of voiceless soinds are the fricative consonants / f /
and /s/ (as in soup), and /h/. When both of these mechanisms are used to create
acoustic energy, the sounds are called voi;:ed fricatives or mized-excited sounds,
as in /z/f, [v/ and fzh/"(3s in beige) sounds. Plosives are produced by 2 sudden

release of compressed air. Examples of plosives are /p/, /t/, /k/, [b/, [d/, and

/g/ (as in good). Nesals are produced when the nasal cavity is used as a

-
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resonator, as in the /m/ and /n/ sounds in man and no.

A phoneme is the smallést unit of a word ihat when changed, changes
the meaning of the word. For example, the words “cat” and ‘‘bat” each start
v;/ith a diﬂ'fzrent phqneme. At first glance, phonemes stemn to describe specific
speech sounds. However, they are a loose classification of more_‘precise speech
unifs called, alléphones, which account for physiological variations in the pronun-
ciation of phonerﬁes. For example the “t”’ sounds in “‘bat,” “eighth,” and “tree”
are all pronounced slightly different.ly, and therefore are allophones of the
phoneme [t/. Here, the variations are due to different places of contact of the
tongue in the mouth. In tea, the tongue touches the alveolar‘ridge, which is the

frontward part of the palate. This /t/ phoneme is thus an alveolar allophone. In

tree, the tongue touches the palate a little further back, and is post-alveolar allo-

phone; and in eighth, the tongue touches the teeth, so the allophone is déimtmlr—"

Allophones are indicated by the [ | symbols.

Reflections of sound waves in the throat and mouth play an important
role in the production of speech sounds. These reflections are caused by changes
iﬁ cross-sectional area of the sound path. Although the largest of these changes
occur at the vocal cords and at the lips, other cavi.ties can .;a,lso affect the
reflections. These are the pharyngial cavity, the oral cavity, __a‘nd the nasal cavity
(see Figure 3). The pharfngial cavity and the oral cavity are collectively referrgd
to as the wvocal tract. The nasal cavity ig coupled to the vocal tract by the trap
door action of the velum, a soft piece of tissue at the back of the palate. The

'velum is also called the soft palate.

R
i
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Figure 3: Cross-sectional view of the vocal mechanism (after O’Connor{6})

To understand how sound waves are i'-eﬂec.te'd, consider the simplified

model of the vocal tract shown in Figure 4:

—

larynx vocal tract  outside air

Figure 4: Simplified acoustic tube madel of the larynx and the vocal tract

L

From transmission line theory, an increase in cross sectional area, and hence a

decrease in acoustic impedance, produces a negative reflection coefficient; the
- . L]

polarity of the reflected wave is inverted. Conversely, a decrease in cross sectional
. i

area produces a positive reflection coefficient, and the polarity of the reflected
wave is not inverted. A wavefront that originates at the larynx will undergo a

negative reflection at the lips. This reflected wave, on coming back to the larynx,
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will undergo a positive reflection, and head back towards the lips and so forth.

o

This mechanist .transforms a ginéle impulse into an oscillating wave. If the

.-' -

acoustic tube consists of several .sections of different cross-éections, such as is the
;:ase for the vocal tract, the reflections and resulting waveforms are more com-
plex. The effect of the _vocal tract on the shape of the acoustic waveform is seen
in Figure 5. The top waveform is a 20 ms portic'm of the time-differenced
waveform of a neutral vowel, and the lower trace is the same waveform with the
effect of the vocal tract removed. A neutral vowel is one for which the major
reflective «boundaries are just the li-p opening and the gloﬁtis, as shown in the

simplified acoustic tube model of Figure 4.

10ms

Figure 5: Effect of the vocal tract on the excitation (from [7}). The top
waveform shows a time-differenced speech waveform, and the bottom window
shows the same waveform with the effect of the vocal tract removed.

-

These reflections give rise to resonances ca\led formants, which are characterised
by their frequency and bandwidth. Human speech typically contains five for-

mants in the 0-5 kHz range: the frequency of the lowest formant has an average
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value of 500 Hz for male speech and varies from 3/00 ﬁz to 700 Hz; subsequent
'i"ormahl;s are spaced on airel:age 1 kHz apart. In female speech, formant frequen-
cies are on average 15% higher than in male speech, since the female vocal tract
is bypically‘ 15% shorter. Formants produce peaks in the spectral envelope of the
cssound from the vocal cords, and it is mostly the freciuencies of the formants that
give these sounds their phonetic identity; there is .a. one-to-one correspondence

between the identi‘ty of 2 steady vowel and the frequency of the first three for-

mants. -

The lip opening also affects thé spectrum of‘speech sounds; from plane
wave propagation t..}.l‘eory, a wave passes more efﬁciently through an opening if its
wavelength is much smz‘lller than the opqni_ng. Hence, high—frequency; corr;ponents
are transmitted more efficiently througﬁ the lips than low-frequency compc;nents.
This effect, which tilts the speech spectrum by approximately 6 dB/octave, can
be modetled as a time differentiation of the signal. The voiced speec_h spectrum
therefore falls off at an” approximate rate 61‘ -6 dB/octave. Figure 6 sht;ws the
log-amplitude spectrum of a segment of voiced speech, showing the -6 dB/octave

tilt, as well as resonances caused by reflections of sound waves in the vocal tract.
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L¥) -
In this thesis, the fundamental frequency is denoted by Fg, and F, B, denotes

the frequer s and bandwidth of the zth formant, z€(L, ..., 5] .

5kHz

~
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CHAPTER 2

VOCODER-BASED SPEECH OUTPUT SYSTEMS

. -
2.1 Introduction

The preceding chapter gave introductory matter on speech sounds in general. In

particular, it explained how the sound generated by the vocal cords is filtered by’

the vocal tra¢t to produce the acoustic waveform that we call speech. This
immedialtely suggests a linear-systems approach to speech synthesis, a principle

known as the source/filter speech production model.

Vocoders — a sontraction of voice coders — attempt to carry out a
source/filter separation of speech sounds (see Figure 7). Separating the source
and the filter allows the voice to be encoded efficiently, as both source and filter

parameters change slowly in time relative;:‘to the rate of change of the acoustic

sighal. To carr-y out the source/filter separation, vocoders make the assumption

that source and filter are independent. The assumption is not entirely true, since,
for example, the muscular force needed to raise the pitch also raises the larynx;

this shortens the pharynx and increases formant f&quencies-, allowing us to simu-

late pitch changes in whispered speech. Nevertheless, the independehce assump-

tion is sufficiently valid, since high quality speech can be synthesized from this

_principle. Moreover, because the ear is largely insensitivé to phase, vocoders need

only to determine the amplitude response of the vocal tract filter ie., the

“

Pragv s



—

enve'lope of the' amplitude spectrum of the speech Wa;refqn:m. As for the source, it
is often represented as. a singlg parameter such as the pitch of the driving func- '
tion in the case of voiced sounds together with a measure of loudness. Several
methods can be used to .determine the pitch(8](9], such as an autoco.rrel.n.tion
method on the speech signal, or the use of an electroglottograph, an electronic

]

device which monitors the activity of the vocal c'or.ds[10]=

o vocal tract filter parameters
speech ——1 vocoder

———==source parameters

- Figure 7: Source/filter separation of speech sounds.

i
o

-

Vocoders are classified according to how they how they estimate the frequency

response of the vocal tract filter:

2.2 Channel vocoders -~ °

'Channel vocoders[li] feed the speech signal tﬁ a bank of bandpass filters a.n(;.
measure the short term average po{ﬂér output of individual filters: The enc.oded
parameters are the bandpass powers. Theée vocoders must hz;ve enough channels
to get a good approximation of the spectrum envelope, especialiy around th‘e for- -
mant peaks. Channel vocoders'tsrpically have 15 to 20 channels, and use either
analoé filters, digital filters, or FFT's to obtain ban@pass powerd. The channels

are spaced farther apart at higher frequencies to reflect the frequency resolution”

of the ear[12]. : , . o
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2.3 I;PC vocoders:

LPC vocoders|13] model speech as t}:e output of an all—pol;a. filter i.e., resonant
‘ filters connected in series. Under this assumption, a technique called linear pred-
iction (LP)[23] is used to analyse the resonances of the vocal tract, and the
encoded information consists of pararneteré that describe an all-pole model of the
vocal tract filter. LPC fits the spectrum of an all-pole filter to the spectrum
envelope of the speech ;egmeht being analysed. Even when the .all-pole assump-
tion is invalid, such as during nasal sounds, _LPC still does a Irea.‘sonable job of
estimating the spectral envelope of the speech. The spectrum ﬁtting'is not done
on the usual least-squares criterion, but on a criterion that concentrates‘ on a
fitting of the high energy regions of the spectrum at the expense of weaker
reéions. This is because LPC does a least-squares fit to the waveforrrll,' and high
energy parts of the signal affect the spectrum the most. Linear predicﬁion is dis-

cussed at greater length in Section 2.7.

2.4 Formant vocoders

Formant vocoders[14}[15] do a formant analysis usiné frequency domain methods.
- The Fourier transform of the speech waveform is taken, and special lalgorithmsl
deterrr;iﬁe formant paramete_rs.. Once the fprmants are determined, the synthesis
- is produced using either a cascade or parallel filter conﬁgurationl. The cascade
configuration is less Hexible because it matches spectra that fit an all-pole model

Le., l"esonancés in series. The parallel configuration allows for deviations from

- ta
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the "all-pole speech production model because resonances are specified by fre-

quency, amplitude and bandwidth, as opposed to {requency and bandwidth only.

*

-2'5 Vocoder applit‘:aiions

The source/filter separation performed by vocoders Iegds to an efficient coding of
~ the speech, because both the source and the filter crhangie s]owly Witil time. This

rﬁakes vacoders good ca&didates for systems concu'arned with minimizing data

Tates (for speech transmission)’ or memory requirements (for speech storage).

Once the filter paramcters are determined, speech c;:] -b-e syhthesized by exciting

the filter with either ﬁeriodic irhpu[ses or white.noise,' dépend-ing- on whether the

. sounds are voiced or voiceless, - :

Fundamental ~
Frquency

Periodic -

- o Signal ] 7 v

P Vogal
L Tract L sJpeech
. Filter Signal -

Ramilom Gain
Noize : )

Generalor

) | Figure 8: Speech production model .

A source/filter separation allows for easy modifications of the speech,

such as speed and voice quality changes. This fAexibility is useful fpf text-to-
L ’
speech systems, because it enables them fo-change timing and intonation pattern
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(prOSOd}-f). Vocoders are also used for research in speech production and speech

perception[3].

2.6 Alternatives for speech output
>

2.6.1 Analog waveform storage: This technique simply stores the waveform
without any attempt to 'compress it. Various media are used to store the speech
waveform: voice clocks use glass disks; other systems, such as telephone answer-

ing 'machines, magnetic tapes. With waveform storage; the quality of the output

message is high, but the output is fixed; messages must be replayed in their origi-

" nal form. Another problem arises when new words need to be added tp an exist-

ing system: new, recordings must be made, and if the original speaker cannot be

found, the entire material must be re-recorded and re-edited with a new speaker.

2.6.2 Waveform coders: Waveform coders store digitally encoded speech
wavelorms. Waveform ‘coding techniques compromise data rates, equipment com- '
plexity and speech ,quality. Just as w.ith analog wavéfor-rn storage, wavefo‘rm
coders replay messages in their original form, and the origin:-zl speaker must be

found if additional speech needs to be added to the system.

e Pulse Code Modulation (PCM)|16] is'digital waveform storagef.,. With
.PCM, the speech wavei_'orm is sam;;led and sample values are digitized.
Tﬁe hardware is simple and, provided the bit rate is high en‘ough, the
quality is excellle-nt. The drawbacks of PCM\reside in the high memory

requirements to store a l:ifge vocabulary, and-in the fixed output. In an '

"\

-
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- effort to alleviate both problems, waveform sforage systemé usually con-.

catenate isolated words to construct messages. However, pitch, timing,

and intonation patterns are often wroﬁg, making it difficult to under-

stand these messages.

¢ Delta-modulation[17] transmits differences in-. sample .amplitudes as
opposed tn_i absolqte sample values. The simplest delta-modulation
scheme transmits a single bit per sample; this corresponds to the deci-
sion of adding or subtracfing one quantization level to the signal Being
reconstr;u.cted. A danger with this scheme is slope overload, where the
input signal v?.ries to.o fast to be tracked by the encoder. This problem

is avoided by increasing the sampling frequency, but this is not an

efficient solution. Another solution is to replace the one-bit quantizer

3]

with a PCM coder to encode sample-to-sample differences. This arrange-

ment is known as' differential PCM (DPCM). Ancther scheme, adaptive

diffenrential PCM (ADPCM)(18], adaptively adjusts the size of the

quantization steps to increase the dynamic range.

2.6.3 Parametric representations: These methods ‘encode the speech

waveform in terms of parameters th;';mt flescribe a model for speecl.l production.
The LPC method described earlier belongs to this class. Adaptive Predictive Cod-
iﬁg (APC) is a similar method that tries to encode a waveform by adapting
coefficients of a predicting filter until an error criterion is met. The transmitter
performs a “‘dummy synthesis” and uses the error signal; the difference between

e

the 'synthetic and the original waveform, to design the predicting filter. To
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reconstruct the speech, the error signal must be available at the receiver, and so

it must be encoded and transmitted along with the filter coefficients. The decod-

—

-

ing error on the error signal is compensatéd by including a coder-decoder block

in the transmitter’s predictor feedback loop.

.Due to its iterative nature, APC is computationally more expensive than
straight LPC, which derives the filter coefficients in a direct manner. The advan-
tages of parametric representations are that storage requin:ements are cut down,
and that speech sounds can be modified by alterin‘g the value of the parameters.

This can be helpful to smooth transitions at boundaries between concatenated

-

speech sounds, and to change pitch and. timing patterns. Parametric representa-

3

tion techniques, however, are computationaly more ex\pensive than waveform
oty -

coding techniques, and the quali‘ty of the output is generally poorer.

2.6.4 Text-to-speech systems: Text-to-Speech systems|20] convert written
text into an acoustic signal'. The first step is usually to convert the orthographic
| representation into a phon_emic transcription, which typically includes the 'nafme
of phonetic segments, stress marks, pitch, and timing information. The second
step is to convert the phonemic transcr‘ippt.ion into sound. Several techniques can
be used: demisyllable based systems|19] concatenate demisy"l]ables. For e.xample,

the word “peak’ may be synthesized by concatenating the acoustic waveforms of

“pee,’” and “eek.”

With the so-called rule based approach[20}[21] phonetic transcriptions

are converted into formant trajectories. The conversion from formant tracks to
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acoustic signal can be achieved with a digital filter or an analog filter that is digi-

tally controlled.

A hard task to achieve with text-to-speech systems is to get correct tim-

ing and intonation patterns within a sentence, such as in “The cat ate the

mouse” (emphasis on subject) and “The cat ate the mouse” (emphasis on verb).

In this.examp]e, the proper intonati'on is deduced by an understanding of the '

preceding text. Sometimes, however, the intonation can be deduced by analyzing

~
the grammatical structure of the sentence, such as in “Stand up!" Paul said.

-Text-to-speech systems enjoy a very lov;r bit-rate (< 100 bit:s/slec).a.tr tbe
expense of substq.ntial computation requirements. An advantage of te:;t;ho-
speech systems over other speech outpuf, gystems is that any text can be con-
verted into speech without adding anything new to a system. Thus, changing the

speech output is as easy as editing a text file.

2.7 Speech analysis using LPC .

This section presents more details on LPC. This information is neéessary to
understand specific aspects of the LPC vocoder developped at the NRC, and to

understand the improvements made by the author.

One of the most common speech analysis methods durmg the past

twenty years has been LPC. LPC is particularly predominant in digital speech

communication systems because it provides low bit-rate transmission without

excessive loss of inteligibility. Several American and Japanese companies|22|

ui‘
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'currelnt.ly manufacture special-purpose chips for LPC synthesis, and as a result,

these chips are widely available and inexpensive.
. 1

The basic principle behind .LPC analysis is that the vocal tfact can be
modelled as an'all—ﬁo]e filter. However, during speech, the sha.pe_of the vocal
tract is continously changiné as a function of time. To deal with this, an LPC
analysis involves time—window{ng the speech into analysis segments; assuming the
‘shape of the vocal tract is constant for the du?ati;)n of a segment, the speech
waveform in each segment is modelled as the impulse response of an all-pole

fitter.
. A
The term “linear prediction” (LP) refers to a mathematical method that

is used to compute the parameters of an all-pole filter from autocorrelation pro-
perties of its impulse response. Provided thatthe waveform being analysed actu-
ally is the impulse response ‘from an all-pole -filter, that the a.nalysisrorder
corresponds to the number of resonances present, and that the waveform being
analyzed contains only freely decaying oscillations t.e., if. the instant of excitation

LY

is excluded, the LP analysis will determine the all-pole filter exactly.

Consider the following all-pole production model of a single speech seg-

ment:

E(z) —{ V(z) |- S(2)

Figure 8: All-pole speech production model
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In Figure 9, E(z) represents the excitation function, assumed to be spectrally
flat, V{z) is an all-pole filter that represents the vocal tract, and S{z) represents
a speech segment. LPC actually tries to flattens the amplitude spectrum of the

signal it analizes by constructing an all-zero filter A(z) that will cancel the poles

“of V(z). The analysis model is thus

. B(x) = SIAL). "
with _
‘ e R
e o | . A (Z) - V(z) ' (2)
The synthesis equation is then '
§(z) = E(z)AL), o 3)

in which S(z) is modeled as the impulse response of an all-pole filter. Both of

_ these processesﬁ are depicted in.Figure 10. Shown are log-magnitude (LM) spectra

(top) and idealized time waveforms [bottom). The left of the figure shows a

gpeech signal that passes through the filter A(z). This produces and impulse-like

A

error signal since all the predictibility of the speech signal has been removed. On

the i'ight side, the error signal is fed to the filter to produce an exact

1
A(z)

replica of the original speeéh 'gignal.

e g



- 26 -

LM(s) ‘LM,gAf .- LME) LM(1/A) LM(S)
' f f t FR Ry f
e - |
) q & /! S(2) - E(z) ] [ | Efz) A 5(z) q !! [!
' t
B s

Figure 10: Analysis and synthesis models for a voiced sound (from {23]). Shown
are log-magnitude (LM) spectra (top) and idealized time waveforms {bottom).
The left of the figure shows a speech signal that passes through the filter A(z).
This produces and impulse-like error signal since all the predictibility of the
speech signal has been removed. On the right side, the error signal is fed to

to produce an exact replica of the original speech signal.

v

A(z)

Re-writing the analysis equation,

in which

A= Tas” (a1 (4)

In the sampled data domain, this becomes

‘I.

M M . '
e(n) = Z;oa,-s(n—t')_= s(n)‘i—z g;s(n=1). | (5)

=1

'If we define the predicted speech §(n) as
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. M .
i(n)== 3 a;s(n—1), e
i=1 .
then .
e(n} = s(n)=—3(n), (7) -
where ¢(n) is seen as the prediction error. The pbjective of linear predictive
analysis is.to minimize the square of the error between the actual speech and the
predicted speech. The total square error « is given by
T m 2 ny M . 2 T MM . A
< a= STen)=3 [T ags(n-9)| = S S a;s(n—1)s(n—7)e; (8)
n=ng n=ng |i=0 n=ng=0y=0 i -

where [ng, n,] is the interval over which the prediction error is minimized.

e TR

Defining

-
¢ij = % s(n—is(n-7) (9)
R=fg .
the total squared error is
M M . '
a= 3 3 sc;e . (10)

i=05=0

Minimization of o is obtained by setting

B 9 e =0 fof j = 0,12, M
da ‘zaic;'j_ i or 3 =Y, 1, 4. .
$) 1=0

-

Since ¢y = 1, the above equation yields

M ‘
2 eici; = ~¢coj =042, M (11)
i=1 o

Y

These M equations must be solved to minimize the prediction error. The solution
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of ‘the above set of equat?c;‘ﬁ‘s)contains two steps. The first step is to compute the

¢;; terms, or C matrix. The second step is to sclve simultaneously M linear equa-

. . | w
ttons.

£

Two methods are commonly used to compute the C matrices: the

c~ouariancc method and tilé autocorrelation method. The covariance method £>ro-
. duces syrﬁfnetric C rna.tric?‘s that are solved efficiently 'with Cholesky's rec;xrsi.ve
decomposition method[24]. The aui;c-ncorrelation method produces a C matrix
whose elements depend only on the distance from the main diaéo;al. This- type
of matrix is called a Toeplitz matrix andjis resolved even‘more efficiently by
Levinson's method[23], which is@ﬁ;;‘dcdfsive method.‘_‘_l‘l'l_e autocorrelation -
method. is éimpler than the covariancd method, and is generally considered less
accurate. However, the accurac ,-'?gua\'\sx still contentious, as a colleague .h:}s
shown[25]. The autocorrelation mbthod h:;s the added advantage that it has a

t L]
built-in stability test to tell whether the next recursion step will result in an

unstable filter, Details on both methods is presented in section 3.7.

Figure 11 shows a block diagram of an LPC analysis.

T

- : ’ . al
Speech Time Autocorre.latmn S.olve aq
] —  indow = O covariance . linear
signal ‘ analysis equationis

Figure 11: Linear Prediction analysis



-29.

-

.An important point is that a suitable number of LPC coefficients (" 10) permits

us to obtain a good approximation to the formant frequencies and bandwidths of

each speech segment being analyzed. This can be seen in the relation \

S!z! -1 _ 1 - 1
E(z Alz 1+ a27  + gz 4+ - - - IV o M
() () 1 2 (1__,_l)(1__)...(1____
z z z
_______ where the poles (zy, 2y, ..., zy) correspond to the resonances of the speech

waveform. Figure 12 shows the amplitude spectrum of a voiced speech segment

together with the s.pectra.l envelope defined by the filter equation

5(z)
E(z)

-

10: FOPECO8.FAUD, SAMPLES=TI, 10757

.\,

e
—— - —

e

0

5klz

Figure 12: Short time amplitude spectrum and linear prediction envelope
(smooth curvé) of a voiced speech segment. The spectral envelope estimated by
the LPC analysis is usually a good approximation to the short-time spectral
envelope of the speech segment, and its peaks generally correspond to formants.

The M poles {2 *, 2)y) usually consist of % complex conjugate

)
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pole pairs, although.sometimes real poles are found. The complex conjugate pole
pairs, commonly visualized as cartesian coordinates in the z-plane (
z, =Re(z) = jIm(z) ) may be converted into polar coodinates ( 9; {z]) in the
same plane, with the relationship |

6 = arg(z)

|2

Il

V' = \/(Rc 2) + (Im 2)*

where 6 is the angular position of the pole, circle, and |z] is its radial distance
from the origin. The polar coorciinates may be converted into formant frequen-

cies and bandwidths if desired. The [requency of a pole is given by

L, 1) )

where [, is the sampling frequency. The bandwidth of a pole is 2 measurement

of its radial distance from the unit circle, and is usually defined as the point
where the power is 50 % of the power at resonance. In this case, the bandwidth

ig.

2:;’ log [2]? [Hz], 0= |z|

IA
Pt

(13)

‘ where |:| is the argument of the pole. If |z|? is equal to one, i.e., the pole is on

- ' )
tie unit circle, and the bandwidth is zero. The closer the pole is to the origin, the

larger the bandwidth is, and poles outside the unit circle correspond to unstable -

filters.

Another important point, especially for real-time communications, is
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that LPC produces a set of linear equations that can be solved directly.‘This is
not the case when the speech is modelled as tﬁe response ;*f a polé-zero filter;
least-squares estimation then produces non-linear equations, even in the simplest
cases. An iterative method must then be used, and the method is not guaranteed

to converge to a solution. The all-pole model of the vocal tract is based on the

.

following assumptions:

e The transverse dimensions of the vocal tract are small with respect to-

the sound wavelength, so, that sound propagation through the voecal
tract can be treated as a plane wave. (This assumption is valid for fre-

quencies up to around 5 kHz).

”

e Losses due to wall vibrations are uegligeal;le.

—_—
N :

‘e The vocal tract behaves as an unbranched tube: i.e., the path through

the ﬁasa.l tract is closed off.

Another important point is that the LPC analysis is biased towards matching the

high energy parts of the spectrum. As well, the error signal (the residﬁa.l) can be -

'

used to obtain the glott‘al air flow waveform[5], as it represents a speech

. wavefotm from which the effect of the vocal tract has been removed.
"

—

.

I

" - ] -
2.8 Details on autocorrelation and covariance analyses

Both of thesé methods are techniques used to estimate autocorrelation properties

fe
of the speech signal.

e
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M’
2.8.1 The covarianc; method:
The elements of the C matrix are computed from 1_*3q. (9):
N-l ‘ - . - '
¢i; = %, s(n—=i)s(n—-3), {,7=012 -, M
n=M . .

»

where N is the number of speech samples and M is the order of the analysis.
From this equation,_w'e see that (N—M) terms are used to compute individual
¢;;’s. Thus, we must have the conditien that N > M, and so we need 2t least

M+1 sﬁeech samples in the window. Figure 13 shows hoﬁ these parameters

relate to a speech frame for the covatiance analysis.

I

.~ N speech samples >

[T Tt

(0) s(M) | s(N

e b —

Figure 13: Covariance window
Windows are’ typically 25 ms long in order to average over several excitation

periods, and are usually overlapped by a constant amount.

s -

For the covariance method,

il
-

e all elements of the C are computed from an equal number of terms;

e the error is midifﬁized over the [M,N—1] interval;

o the C matrix is symmetric i.e. Cij = €.

" The error is given by
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M .
ce{n) = ST as(n—3) forn 3 M, M+1,., N-1. (15)
i=0 ’

2.8.2 The autocorrelation method: This method assumes that s(n)-= 0 out-

side the window. '

_ II-:— N speech samples =1]
-rrrrrTirrrrrrey el
5(0) ) s{N—1) 8
Figure 14: Autocorrelation window
¢j = %i:s(n—i-)s(n—j)= i s(n—i)s(n~7) = g: 3(n)s(n+ |£*~3'|)
Nt e T |
= ) s(nYs(nt li—i=r(li-j)=r() 7=123... M (16)

Again we must have that N—M > 0. For the autocorrelation method;

e the analysis window is usually long enough to contain several glottal

cycles (typically 3 to 5).

-

e the number of non-zero terms used to compute the ¢;; terms decreases

as | i—7 | increases, so'the r(j) coefficients are biased.

e the C matrix is Toeplitz i.e. ¢;; = r|j_;

The.error is given by . : _ . p
_ u ) |
e(n) = Jas(n—i) forn=01,. N+M-1 (17)
=0 : '

Either of these methods produces linear equations that, when solved, give the
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coefficients ¢; of an inverse filter A(z). It can easily be shown that the DFT of

the a,’s is the spectrum of the inverse filter.

-

2.9 Standard LPC vocoders

. )
This section describes the steps involved in a standard LPC analysis. Variations

on the standard design are presented in the next section.
o

Although considerable research has been made ém LBC ;rocoders for
real-time speech communications, relativgly little work has been done specifically
for speech storagt;, where the qua]hi}.y of the speech is 2 major concern, and where
LPC encoding does not need to be performed in real-time. .F01T‘this reason,
“standard’ LPC vocoders' are those u:;ea in real-time speech communication sys-

tems. ‘ 7 -

The first process in a LPC vocoder is the segmentation of the speech sig-
nal. The analysis is said to be piteh-synchronous if segments are synchronized
with vocal cord periods (glottal cycles). When this is not the case, the aralysis is

1

pitch-asynchronous. In this c':a.se, the speech is divided into frames (segments) of

.4

' equal length, usually 20 to 50 ms.

The next stef: is a preemphasis operation on the speech signal. The
A‘main advantage of preemphasis is that it makes the LPC fitting process pay
equal attention to fitting all parts of the spectrum. As noted in Section 2.1, i;he
spectrum of the gxc.itation signal from the vocal cords is smooth and tilted“z}t -12

dB/octave. After passing through the vocal tract, the amplitu%e spectrum
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.

contains peaks that correspond to formants, but still has a gengrs;.l -12 dB/octave
tilt. The lip radiation effect gives thig spectrum envelope a +6 dB/octave tilt, so

that the spectrum of the speech we hear has a resulting -6 dB/octave tilt. Preem-

]

~ phasis is done by filtering the speech with the transfer function
) 3
H{z) = 1-pz~!
where B is called the leak factor. This transfer function performs a sample-to-

sample differentiation. If the leak factor is close to unity, H(z) approximates best

a true time differencing operation, which tilts the spectrum of a signal by +6

dB/octave. Choosing a leak factor close to unity { 0.9 to 0.99) also minimizes

non-linearities' in the phase spectrum. Figure 15 shows the amplitude and phase

spectrum of this function for different values of 8.

Because the spectral characteristics of the excitation from the vocal cords do not
vary widely, the fixed preemphasis will always approximately fatten the spec-
trum of voizéd"’gi)‘éé‘chf‘*\’t)‘icel.ess sounds usually have a flat amplitude spectrum
and are therefore inapproeriately p1'iemi)ilasized, but since an accurate analysis

of resonances is less important here, the problem.is not serious.

Next, given a speech segment, linear equations are computed using
either the autocorrelation or covariance analysis method. These linear equations,
when solved, provide parameters that fully describe the all-pole prediction filter.

The transmitted information (the encoded speech) consists of these parameters
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QA A0 SAMPLES=(1.,400)}

2

O
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o
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NI
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Figure 15: Amplitude spectrum (top) and phase spectrum {bottom) of preem-
phasis filter. : o -

n

along with parameters which deseribe the excitation source (either a periodic sig-

nal or white noise), along with a measure of its power.

2.10 Other LPC vocoders:

LPC vocoders are typically used to compress speech for real-time digital

j
transmission purposes; they offer bit-rate reductions more than an order of
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magnitude compared to standard PCM. Probably motivated by practical con-

cerns, W(.nrk in this area has been considerable, and several kinds of LPC vocoder
gystems have been developed; they differ mostly in tﬁe way they excite the .vocal
tract filter. IE the residual signal from the LPC analysis is used, the reconstructed
speech will be exact (see Figure 10). An uncompressed fesidual, howevex:, offers
no data rate reductiqn._. Hence, most kinds of vocoders variants around differ ';n
how they encode the residual. Some kinds, beca.w:lse of their importance, have

been given specific names:

o Resi’dual-E:cc:'ted LPC (RELPC)[26] encodes the residual before it is
transmiited. The objective is to encode the ‘residual in a way that
preserves its perceptually impo;‘tant features. An example c.>f a residual
encoding schérne is to loﬁ-pass filter the residual and transmit it at a
reduced data rate. gThe receiver.artificially restores high ffequeni:y com-
ponents of the fesidua] by methods such as spectral aliasing.

e Multipulse LPC[27], as its name suggests, uses a series of impulses to

excite the vocal tract filter during a single glottal cycle. There is a main

pulse that corresponds to the main excitation, and a series of smaller

pulses to correct inadequacies of the LPC filter. It is the amplitude and
position of these pulses that is encoded for transmission. Typically, 10 -

20 pulses are used for every 20 ms of speech.

o Code-ezcited linear prediction (CELP) vector-quantizes glottal cycle resi-

duals. The choice of a vector for a particular frame is made by exhaus-

Ly



- 38 -

tively trying out all possibilities and cfloosing the vector that produces
the best synthesis. Tjrpica.ily, a 10 bit code is used to encode 1024 resi-

duals. The spectral coefficients can also be vector-quantized. ™
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CHAPTER 3
LPC AT THE NRC

3.1 Introduction

This chapter presents specific information about the pitch-synchronous LPC

vocoder developed at the NRC. The purpose of this system is to provide speech .

of high quality and high flexibility for aeronautical applications,‘and it is stressed
that the requirements of such a system -are different from those involved in real-

time communications systems:
e there is no need for real-time LPC analysis
e the encoded speech is stored in system memory.

e encoding of the speech waveform is necessary not because of bandwidth

limitations, but for efficient speech storage.

3.2 Functional description

The LPC speech analysis and synthesis system consists of eight prograrhs, which
: L o f B .
are mainly written in “C” and run under the UNIX operating system. The sys-

tem follows the UNIX philosophy of simple modular units, where the output of

one program may be the input to the next.

As we saw earlier, the function of a vocoder is_to perform a source/filter
. oy .
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separation of a speech waveform. The process consisfs of analyziﬂg a digitized
speech waveform, and to produce a file that contains parametric information on
the source and on i’.he vocal tract filter. At the\ ﬁc, the source information con-
sists of the type of source used (periodic.signal or white noise, for voiced or vc;ice—
less frames respectively), and of a gain factor. Informlat":ion. on the filter consists
of parameters that describe the all-pole filter from the LPC analysis. The NRC
vocoder encodes these parameters into formant frequency-bandwidth pairs. Both
source and filter parameters are computed on a frame-to-frame basis, and ﬂ‘hey.
are neatly stored in vector form, one vector per frame. Global modifications, such
as doubling the pitc'h-period, or increasing a for.mant frequency by 10%, dre thus
easily achieveld. Moreover, tﬁis parameter file represents a Highly compressed ver-
sion of the original speech signal, as it contains all the information ‘necessary to

\

reconstruct the acoustic waveform.

‘3.3 System details

»
Speech spoken in an.anechoic chamber together with the signal from a laryngo-
graph (or electroglottograph) is digitized with no aliasing and no ph-ase distor-
tion. The laryngograph measures the rf impedance between two electrodes
plgéed across tile larynx, which is proportional to the area of contact of the vocal
cords. Eoth char;nels are digitally encoded at 44 kHz and recorded on a video
tape using a Sony F1 PCM recorder. For input to the computer, they are low-
pass filtered at 7.kHz, sampled at 20000 sps, sharply low-pass filtered at 5.0 kHz,

and finally down-sampled to 10000 sps. The 5 kHz low-pass filtering is done
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twice, forwards and backwards, to double the cutoff rate and to remove phase
distortions. The effective cutoff rate is -800 dB/decade, and the cutoff 'fre.quency

is 570 kHz. Figure 16 shows both of these signals for the utterance of the word .

zero.

sl

OA: ZERO. AUD, SAMPLES=[7Z0I, 13000]

%

Tt : ZERO . LAR, SAMPLES=T7Z01, I3000T7

A —

I $L

100ms

I

Figure 16: Audio signal (top) and laryngograph signal (bottom) for the utter-
ance of the word ‘‘zero.”

Research for this thesis has show: that as far as the quality of the output syn-
thesis is concerned, the high cutoffl rate and linear phase is not necessary, as low-

pass filtering the 20000 sps speech once with a 6th order Butterworth filter,
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down-sampling to 10 kHz and re-doing the analysis produces no _perceptible-

degradations in the synthesis.

If t;he énalysis is to reflect accuratelyﬁthe true formant frequencies and
' 'b‘andwidths of the vocal tract, the recordings should not contain reverberation.
Howe;ver', research for this thesis has shown that reverberation-free reclordilngs are
not necessary for a high quality speech output. A small amount of reverberation
is unnoticeable as far as synthesis quality is concerned, though large amounts of
reverberation produces a synthesis that sounds reverberant. In either case, the
formant [requencies and bandwidth values are not those of the vocal tract, but
those of the combined vocal tract and the room i.n which the recordings are
- made. Henée, if tI}e—gl_)_jic_ti:ge 'is to estimate accurate_l.y. the vocal tract parameters,
the recordings should be of anechoic-chamber quality. As well, comparison
between analyses with and without reverberation shows that formant bandwidths
.
are more susceptible to reverberation than formant frequencies. Figure 17 illus-
'trz;tes the effect reverberation has on F, and B for the sentence “We were aw'a.y
a jrear ago.” The top wiidow shows how F | varies as a fu.nctiou of time, #nd the
bottom window shows how B, varies as a function of time. In each window, the
solid line is the parameter value without reverberation, and the dotted line is the
parar¥ster value-'wit}.l':“everberation. The amount and type of reverberation is

-

typical of that of a 15 feet room (two opposing walls 15 feet apart).‘

-
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Figure 17: Effect of reverberation on F, (top window) and By (bottom window).
Both windows correspond to the sentence ‘“We were away a year ago.” In each

e

i H

window, the solid line is the parameter value without reverberation, and the dol-

ted line is the parameter value with reverberation.

The digitized laryngograph signal is differentiated, and the impulses in
this signal are taken to correspond to-instants of glottal closure, thus providing

an indication of voicing and fundamental frequency F, (see Figure 18).



- 44 -

!

TA: ZERO.DLAR, SAMPLES=T7Z0T — 1300G0]

'l'= PR B BRI

- — -

: T

Figure 18: Diffeventiated laryngograph signal with overlaid segment boundaries
(dotted vertical lizes), as determined by the segmentation algorithm. Dotted lines
going to the top of the window indicate voiced frames, to the bottom of the win-
- dow, voiceless, and half-way down, silent.

The speech segmentation program detects these peaks, and pr;'Jduces a file of
two-element records (Figure 19). The first element, called‘ the framel .5:';ze, controls
the rate of charge of the vocal tract as .a funci:ion .of time: the number is the
time (in number of sgmple;’.) during which the filter coefficients are constant. The

second element indicates the frame type: 2 number greater than zero indicates a

-,

voiced frame (pitch-period times ten), ‘-1'¥ indicates a voiceless frame, and “0,"’
a silent frame."II' a‘pi‘tch-period is not found, the frame size is set at 100 samples
(10 ms at 10000 sf:s). The pitc-h-period times ten is used because thé,speéch. éeg-
‘mentation program estimates the pitch-period to a tenth of a sample. It does this
bj; fitting a qua;dratic 'curve .to the three samples arou.nd a peak of the
differentiated laryngogrzipﬁ signzil. Although voicéless [1;ames are ;encoded as -1,

subsequent programs interpret any negative number in this field as a voiceless
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frame. This classification system was chosen to ease voice modification. For
'

example, to double the pitch-period, the entire second column can by multiplied

by a factor of two, and this will not change the frame types. -

100 0
100 O

90 0
100 -1
100 -1 %
78 -1 N
78 780
98 981 -
94 941

Figure 19: Sample output from the speech segmentation program. The first
column is the frame size (in number of samples of the audio file), and the second
column indicates the frame type. A “0” indicates a silent [rame, “-1" (or any
negative number) indicates a voiceless frame, and a positive number represents
the pitch-period times ten of a voiced {rame.

.
Now that speech frames are defined and classified, the audio signal is

LN
preemphasized for analysis. Contrary to other vocoders, only the voiced frames

are preemphasized. The preemphasis function is

»

CH(z) = 1-.95z71

-

The next step is the LPC analysis per se. For both voiced and voiceless speech, 2

10th order covariance-method LPC analysis is then applied to rectangular
analysis frames beginning up to ten samples before glottal closure and ending
just before the next glottal closure. The analysis frames for voiceless speech are

set at 10 ms.

‘ EQ
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Cbvariance matrices are smoothed with 2 quartef—half—quarter operation:

the final value of a particular matrix element is 1/4 the values of the same ele-

ment from the .previous matrix, plus 1/2 the value of the element in the current

matrix, plus 1/4 the value of the same element from the following matrix.

Any instabilities in the filter specified by the covariance-method analysis

are corrected by solving the/predictor polynomial and reflecting the unstable
- .

poles inside the unit circle. Complex-conjugate pole pairs are converted to fre-

quency and bandwidth pairs, generally corresponding to formants. Real poles are

encoded as negative numbers.

The last frame parameter computed is the gain factor [or the excitation.
This gain is the scaling factor that must be applied to the excitation sigial (the
s§urce) in order to have the power in the synthetic signal match the power in the
audio file. The power in the synthetic wavei:orm depends on two things: the
power of the excitation'functién and on the ringing from previous frames. To
ﬁn& the gain factor, the filter memory is cleared -a.nd the filter is ex.cited with an
excitation of ﬁn_it powe.r; this produces; a vector u. Nexj;, the filter memory is
loaded with the va[ues;. from the prev'ious frame, which contains the ringing from
the previous cycles. The excit:;t.ion is setf to zero and.the flter is allowed to
“ring,” producing a vector g. The gain ¢ is' then bbtained by solv_ing‘the ‘qua-
dratic equation

<s?i> = <s;ru‘+t‘1>2

- Y

The encoded value for the gain is proportional to the log power of the gcaled ~
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excitation. Figure 20 shows a sample output of the complete analysis for eight

consecutive frames.

fs pp pow £l bl £f2 b2 f£3 b3l £4 b4 f£5 b5

- .
75 746.8430 359 85 1004 567 2305 471 3415 565 4428 580
B6 863 7797 332 46 612 118 2237 72 3603 206 4072 197
86 862 8682 337 27 678 100 2201 65 3517 101 3959 79
86 857 9239 339 17 759 81 2191 74 3502 63 3907 47
83 831 9999 345 14 892 68 2178 85 3494 57 3893 41

Flgure 20: Five output records from the LP analysis. ‘““fs" is the frame size,
“pp” stands for pitch-period, “pow” is the logarithmically encoded excitation

power, and the rest of the parameters are the pole frequencies and pole

bandwidths of the all-pole model of the vocal tract filter.

The ‘“‘voice coding” is now co.mpleted. To produce synthetic speech,
records from the parameter file are read one at a time. The first parameter, the
frame size, indicates how many samples are to be written out to t_,he output file
before the flter coefficients are updated. If the second parameter ig “0", the
frame is silent, and samples of value “0’" are written out to the output file. If t;he
‘second parameter is not zero, then the frame is voiced 61‘ voiceless. In any case,

‘pole frequency-bandwidth pairs are reconverted to predictor coefficients, the filter

taps are updated, and the flter is excited by a scaled driving function (noise or

. _impulse-like function). The filter delay line is cleared when going into ot out of a
voiced region,‘and the filter coéﬂicients are updated only at the beginning of a
pitch-period (pitch-synchronous synthesis). Figure 21 shows the syl\lthesis filter.
The output of this filter needs to be deemphasized to compensate for the preem-

phasis that was carried out on the input speech.
. N
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Figure 21: Qutput filter that is used to produce synthetic speech.

By artificially modifyiﬁg the filter parameters, the N]}{C, suc‘cesfully pro-
duced several: voice ﬁodiﬁcations_, including apparent sex. changes, dialect
changes, physiological changes (sho;'t larynx, large vocal trra-ct, gtc), and emo-
tional changes, su'ch-as voices that convey fear, urgency, pain,.or uncertainty.
Other changes are obtained at the synthesis stage. For example, breathy voices
are obtained by mixing together the two excitation sources (periodic signal and
white noise), and whispered speech .ish obt';a.ined by using exclusively the white

noise source.

w - . - *
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CHAPTER 4

«

IMPROVEMENTS TO THE SEGMENTATION ALGORITHMS

4.1 | Introduction

It may be worth restating here that the purpose of the research performed by .the

author was to improve the naturalness of the speech produced‘ by the NRC
vocoder. Although this system initially.produ_ced highly inte/lligible apeech,
rssearchers- g.t the NRC suspected the naturalness of the sp'e.ech could be
in;p;oved. This chapte'r and the ones follow.ing it describe the research performed '

by the author to improve the naturalness of the speech.

The original system made several errors in estimating the fundamental
frequency or misclassifying voiced frame as voiceless. Although segmentation
“decisions are not crit!cal for the quality of the analysis (formant estimation),
accurate pitch extraction and yoicing decisions are necessary for a high quality
syn@hesis. Recall that for the case of the pitch—syn'éhronous analysis, the 'pif.ch-
period is determined by the frame, and thus if a fraﬁe bouridary is updetected,
for examplé, the a;'ize of the current fra.n'le will be roughly twice of what it should
bé. The.apparent.pitch-period will instantly increase by 100%, and tﬁis will pro-
duce a “pop” in the synthesis. If several consecutive frame boundaries are
undetected, the frames will be wrongfully classified as voiceless, producing even

greater degradations.
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Here is a list of the problems encountered with the original system:

e The program searched the time-differenced laryngogr;xph signal for a
positive peak —repre;senting 2 vocal ;:ord ‘closﬁre— z;bove,a preset (flat)
thxgshold. If the program did not find a positive peak, it looked for a
negative peak, usually corresponding the start of the open phase of the
glottal cycle, using. the same scheme. In the “h” so.u'nd in “three hun- -
dred,” for example, the laryngograph signal for a’ given speaker shows

only -negative peaks (see Figure 22 p.52). If the program found a nega-
‘tive peak, it set the frame boundary at that position exactly, without
taking into account the delay between an opening and a closing of the

k-

vocal cords. This resulted in an audible pitch variation.

e Within 2 voiced speech segment, the differentiated laryngograph signal
often exhibits several spikes near instants of glottal closure. The original

—_
system often made the error of returning the location of these spikes

. instead of valid excitation points.

® The original syétem was also sensitive to isolated noise spikes on the lar-
yngograph signal i.e., noise spikes outside voiced regions. Ehese spikes
would trigger segmentation decisions if they were strong enough. If a |
frame in the middle of a silent region is declared as voiced because of a

4 .
y

noise spike, the synthesis contains a “pop’’ sound at that location.

o Other problems occurred at the end of voiced regions, where vocal cord

activity is often too weak to be detected by the laryngograph. This
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automatically meant that the frame size was‘ set to 10 ms. The speech
power in this framé was then evaluated, and if it walus above a threshold,
the ratio of the first two autocbrrelation coefficients was computéd. If
tl_lis ratio excéeded another threshold -~—~indicating predominant low-
frequency energy— the frame was classified as voiced, with a pitch-
period of 10 ms. If the ratio was too low, the f;'arﬁe‘ was classified as
voiceless. If the power was too low, the frame w.a.s classified silent.
Perhaps trealtiné thel frame as voiced with a pitch-period of 10 ms was

- better than treating the frame as voiceless, but this often causes voiced

regions to end with a distinctive “‘click’ sound.

Sometimes, suddén mpvements of the larynx result in a large low-
frequency component on the laryngograﬁh signal, which in turn over-
loads the A/D converter in the PClilh\/‘I/video recording system. When this
happens, the several frames are wrongly classiied as voiceless. This
problem_could have been avoided .by high-pass filtering the laryngo-
graph signal, but some recordings were made to stﬁdy the details of the
laryngograph waveform, and filtering was not carried ouf because of the

. distortions it produces.

L]

g
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Figure 22: The differentiated laryngograph signal for the words “‘three hun-
dred.” The laryngograph signal is inverted in the “h" sound in “hundred.”

To resolve all these probiems, the author made two major modifications the ori-
ginal speech segmentation algorithm. He first i:hanged the algorithm that extracts
the pitch from thé differentiated laryngograph éignal.‘ This ‘inclu'des the addition
of a so-called U-shaped threshold to detect peaks in the differentiated laryngo-
graph signél. He then added an autocorrelation pii’.chh estimator at the t;nd of
voiced regioﬁs. Other modifications, which are considered to be minor, are dis-

cussed in Abpéndix A. ' ' . :

-

4.2 U-shaped threshold

The original pitch extraction algorithm used "a flat threshold to detect spikes in
“the differentiated laryngograph signal. The improved pitch extraction algorithm
uses two schemes to detect these spikes. The first scheme, which operates on the

onset of voiced regions, i3 a ‘“start-up” scheme because it makes the least

4
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a.ssumptid;ls about shape of the laryngograph signal. It is similar to the original
scheme in the sense that it looks at the differentiated laryngograph signai for
values that are above s fixed threshold. Ho~wever, the scheme was mociiﬁed in
order to ignore noise spikes, caused By the recording system, where a nois;_e spiké
is defined as a single spike in the middle of a silent or voiceless region. If a spike
is found in such a region, the algorithm checks to see if there is a second spike up
to 21 ms later (21 ms is an arbitrary uppex; limit on the length of a glottal cycle).
If a second spikt; is not found, the ﬁlfst spike is disregarded. If a second positive
spike is found, the first one is considered-valid anq the routine returns the loca-
tion of the first spike, and tile distance between the first and second spikes. This

ig used to adjust the length of the current (voiceless) frame in such a way that its

length is equal to the first pitch-period. -

Once the first scheme has detected four consecutive voiced frames for
which the pitch does not vary by more than 10%, the second scheme takes over.
Instead of using a flat thresl}pfd, this scheme applies a “U” shaped threshold at
the region where the next excitation is likely to be, based on the previous pitch-

period. This is a reasonable way of positioning the U-shaped threshold because

o .
the pitch-period varies slowly. The excitation point i§ determined the following

way: if a single sample point is above this U-shaped threshold, it is assumed to be
‘the excitation point. If several éarﬁples are above the threshold, the program
computes the ratios of sample value over threshold value and chooses the largest.

The U-shaped threshold is shown in Figure 23.
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Figure 23: The U-shaped threshold placed on the differentiated laryngograph
signai: the location of the centre of the U with respect to the beginning of the
frame is equal to the previous pitch-period.

&

The' U-shaped threshold was designed arbitrarily. It has its minimum
b

' ;sze\set at half -the value of the flat threshold wysed by the first écheme, and rises
with the cube of the distance from the center of the ‘U, with a doubling of the

threshold v4lue that occurs 15 samples.away from the center of the “U.”

4.3 Autocorrelation pitch estimator ,

If no samples are above the threshold, the algorithm does not look for negative
spilees, but instead uses an autocorrelation based pitch estimator. This takes care
of instances where the laryngograph cannot detect weak vocal cord activity, such

as for a few frames at the end of voiced regions. This is shown in Figure 24.
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Figure 24: Autocorrelation pitch detection at the end of voiced regions: the top
window shows the audio signal, and the bottom window shows the differentiated
laryngograph signal. Both are time aligned and correspond the end of the spoken
word ‘“‘go” from the sentence “we were away a year ago.” The tall vertical bars
in both figures indicate the location of the frame boundaries as determined by
the frame segmentatidn program: the bars going up to the top of the windows
indicate voiced frames, and the bars going half way down indicate silent frames.
As can be seen from these figures, the vocal coid activity at the end of voiced
regions is often too weak to be detected by the laryngograph. The segmentation
for the last four voiced frames was performed by the autocorrelation pitch
extractor.

t :
The autocorrelation pitch estimator also takes care’ of the cases where the laryn-

gograph signal is clipped, as explained previously, or when the laryngograph

ain
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signal is inverted, such occurs as in certain voiced “h” sounds, as is sometimes
the case in “hundred.”  The method computes autocorrelation coefficients on a
low-pass filtered audio file, and the pitch is simply the index of the largest

[ .

coefficient. Autocorrelation coefficients are computed as a sample mean:

Iz(z’)z(i+ 7).

;= Ez(a(i+ )} =

I M=

1
N;
+ A reasonable pitch found by this method is not a valid criteria to classify a frame
as voiced. To discriminate voiced frames f-rqm Voiceless and silent frames, the
power ia the filtered audio file is computed, and i;' the power is hiéh enough (ful—
ing out sileﬁt frames), tﬁe ratio of the first two autocorrelation coefficients is
compared against a threshold. The autocorrelation ratio double checks the
smoothness of the acoustic signal for this frame: a value close to “1” indicates
that a predominance of low-frequency. energy, and that the. frame is likely to be
voiced. A value close to “0’’ indicates £hat the frame is .probably voiceless. A

““reasonable” pitch-period means that the value of the current pitch-period

should be close to that of the previous one, 2 condition tested by the inequality

\\' 8*oldp < per < 1.5%ldp.

where per is the pitch-peridd found by the autocorrelation method and oldp is
the previous pitch-period. This formula was defined arbitrarily, and tai-c'és into
account the fact that the pitch can decrease faster that it' can increase. The
power threshold was heuristically determined, based onfthe background noise

~

level on the tape recordings.
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C.HAP'l\'ER 5

EXCITATION SIGNALS FOR VOICED SPEECH
_ .

5.1 Introduction
LPC models the voca.i tracf, as an all-pole filter, and becéuge the output of a filter
is a function of its input, the choiée of excitation signal affects the quality of the
synthesis. To produce voiceless speech, white noise is used as the éﬁcitation sig-
nal; t~his proves to be an accurate model of the air turb-ulence that causes such
sounds, for the sypthesis resul‘ts are realistic. To produce voiced spee;:h, the vocal
tract ﬁlter' is repetitively excited with a “driving function,” and it is not evident
wixich function will give optimal results. A ‘“‘clean” impulse produces intelligible
speech but causes a loss of the speaker's identity. The ‘“Rosenberg’” model of
glottal air flow[28], a signal that approximates the air pressure gradient in the
glottis, produces similar results, but with stronger low-frequency components.
This signal is shown.in Figure 25, and Figure 26 shows a doubly differentiated

version.
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Figure 25: Rosenbe:g model of glottal air flow
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Figure 28: Doubly differentiated Rosenberg function

The original driving function in the LPC vocoder at the NRC was a
residual from a single glottal cycle (arbitrarily chosen). Although this driving

~ function produced speech of high quality, it was suspected that a more carefully

chosen driving function would produce even better ‘results. This Chapter

( \\ | ;



presents experiments that were carried out in an attempt to find such an excita-

tion function. . . '

5.2 Residual averaging

As thentioned in Chapter 1, speech synthesized from‘the entire residuﬁl signal is
identical to the original audio :ignal: the reconstruction is exact. Tb%d a good
excitation functioﬁ, a sensible thing to try is to.average several voiced frames of a,
residual signal on a frarné-to—frame basis. The hypothesis i‘s that an averaging of |
residuals will cause irrelevant features to cancel out, and the mean residual will
‘produce the best overall synthesis. Figure 27 shows a typical residual signal with
the corresponrding frame boundaries. Two methods are used to average residuals:

. . )
time and frequency averaging.

OE: ZERO.RES, SAMPLES=[I0000, 105007

BRI brbrp i s

Figure 27: Typical residual signal from the LPC analysis of voiced speech . The
dotted vertical lines indicate frame boundaries, which are synchronized with the
glottal cycles. The residual signal is averaged on a frame-per-frame basis:
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5;.2.1 Time averaging of residdalé: As seen from Figure 27, the residual con-
tai‘ns major .spikes-near tﬁe beginning of a frame.. Bécause. the location of this
spii-ce varies from one frame“to the next, residual frames must be “spike—aligned”
before being time-averaged, since a direct frame-to-frame averaging will smear
this spike. To' be included in t.h‘.e average, it was decided that a residual frame
must contain a major spike within the first 20 samples of a frame. This is an
arbitrary ‘number that depends on fhe delay between the speech signal and the
laryngograph signal (the propagation delay of the acoustic signal from the vocal

LY
cords to the microphone).

Averaging many residuals this way was ‘unsuccessful because the high
frequency components jitter with respect to the impuls;f and cancel each other

out in the averaging process to give a low-pass filtered excitation signal.

5.2.2 Frequency averéging: The jitter problem of the time averaging method
can be avoided by af)plying a Fourier transform to each glottal cycle and averag-
ing the amplitude and phase spectra separately before transforming back to the -

time domain.

The frequency averaging algorithm is more elaborate. First, the length
of the longest frame is found; the remaining frames are then padded out with

zeros to this length before the DFT’s are computed for each frame. This causes

.
+

all DFT’s to have the same length, and eases the averaging process. Because

phase is a relative quantity, averaging phase spectra only makes sense if the

b



phase is measured from a common reference point in all the frames. An obvious
choice is the major spike at the instant of voca.l)cord closure {see Figure 27), The
frequency averaging algorithm finds the location of this spike and passes it as a
parameter to a special DFT program which adjusts the argument of the sine and

cosine terms accordingly. (The “regular’” DFT defines the phase relative to the

first sample of the time signal),

Figﬁre 28 shows the log amplitude spectra of averaged residuals for both
methods. Unlike the time—a.vefaging m'ethod, the spectral-averaging method is
immune to p.hase jitter .problems. However, the spectral averaging meLhc;d‘ is
;nore‘_susceptible to noise problems, since additive noise components on ‘the resi-
dual will not tend to cancel out. The excitation obtained from this method was |
no better than using a residual from a single glottal cy‘cle, and we have failed to

r r

improve on the original system in this respect.
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Figure 28: Log amplitude spectra of averaged residuals from the time averaging

method (dotted line) and the frequency‘averaging method (solid line). For both of

these plots, 150 frames were included in the average. Note the loss at high fre-
quencies with the time averaging method. >

5.3 Excitations derived from zero-phased signals

In_the previous section, we took glottak residuals from a speaker, averaged them

together, resynthesized the speech with this averaged residual, and determined if

the resulting synthesis was improved. »

This section describes; an attempt to obtain a better driving function by
setting to zero ffhe ph;J,se spectrum of driving functions, while preserving their
amplitude spectrum. This operation, which maximizes the “Qpikiness”‘of a signaj,
is desirable beca};l a driving .function with several major spikes will excites the

vocal, tract filter several times during a glottal cycle, producing a poor synthesis.

~

A

To zero the phase spectrum of a driving fun'ction, the DFT of the func-
tion is taken, and its amplitude and phase spectra are computed r.e., thq DFT

coeflicients are converted to polar form. All the angular coordinates are then set

w
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* to zero, and a polar-to-rectangular conversion is performed. Then, the IDFT of

these rectangulaer coordinates is used to obtain the zero-phased time-signal,

Residuals from several voiced frames have been zero-phased this way.
Figure 29 shows a typical residual from a voiced frame, and Figure 30 shows the

zero-phased version of this signal.

oA RSM20 EXCS SAMPIESe(]1 105]

1ms

Figure 29: Residual of a voiced frame
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Figare 30: Same residual as in Figure 29, but with phase spectrum set to zero.
Orly the positive-time section (as shown in the figure) is used as the driving
~ function, ) '

Both signals ook roughly the same, in the sense that major impulses are recog-
nizable in both of them. The corresponding syntheses were similar, and no con-

clusions could be drawn.

¢

Residuals from mixed-excited frames were also zero-phas'ed.in. such a
manner. With these residuals, zero-phasing must be used because, qnlike voiced
residuals, Ehey usually do not have prominent spikes. The resulting syntheses
containéd only minor differences compareci to the ones produced from voiced resi-

duals.
~

A white noise signal was also zero-phased. Surprisingly, the syntheses it
produced were similar to those produced from voiced residuals. From this we c'_zin

conclude that a single frame-residual from ‘a2 given speaker does not contain -
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“hidden” information necessary to obtain a superior synthesis from LPC parame-

ters derived from his voice.

These experiments also showed the importance of the temporal structure
{phase spectrum) of the excitations: periodically exciting the vocal tract with a
. Y .

noisy signal (a white noise sequence or a residual from a mixed-excited {rame)

produces a poor synthesis, but setting to zero the phase of both of these signals

- f
-

—while preserving their amplitude spectrum— pi‘oduces a synthesis of comparable

quality to that of a voiced residual.

From this section we can conclude that the amplitude spectrum of a
good excitation musFOe generally flat and the temporal structure must contain a
single major spike as well as a random component. To obtain such a signal, a
reasonable apbroach is to choose a‘sectioq of the residual signal that meets the
above requir,ement_s. As previously mentit;ned, zero-phasing voiced _residuals does
change the tone of a synthesis ‘in a minor way, but it ig debatable whether natur-
alness is increase;d or not. The excitation function that is used at the NRC as a

-

result of this work is a zero-phased residual from a voiced frame.
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- CHAPTER 6

SYNTHESIS OF VOICED FRICATIVES

6.1 Introduction

The most salient remaining bi'_oblem with the synthesis was a “b_uzziness” in pro-
longed voiced fricatives. Voiced fricatives, or mized-ezeited speec.:h" sourds, were
defined in thé first chapter as those whose source of acoustic energy is both the
vocal cords and some turbulence noise from another comstriction. Examples of
voiced fricatives are the /[z/ (alveol.ar voiced fricative), /v/ (labio-dentsi voiced
fricative), and “zh” (pala.to-a.lyeolar voiced fricative, such as in ‘“‘beige’’). With
the original model, these sounds were labeled as voiced because the laryngograph
d_etected vocal cord activity. As a result of this classification, the driving function
used to synthesi.z_e thf:se sounds was the one used- for voiced speech, and the
resulting synthesis conta._ined a distracting buzziness. It was suspected that the
problem could be resolved by exciting these soun_ds with a special excitation func-
tion, and this idea was test-ed by identilying the offensive portions manually and

I
.

trying various excitation functions.

6.2 Choice of excitation function

The excitation signal used for voiced speech is a residual from a voiced frame,

‘-

and hence, the appropriate excitation function for mixed-excited sounds was.
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.

thought to be a residual from a 'miked-excited Trame. Using such a residual did

not improve the synthesis, but adding a white nbise compénent to this excitation
caused the buzziness to go away. It was subsequently discovered that the additive.
noise componeﬁt must be random from_ cycle to cycle f.e., cannot be a single
sample function from a white noise process. We concluded that the imi:)ression of
buzziness resulted not fro.‘m the spectrum of the excitation but from its high
correlation from glottal cycle to glottal cycle. In g.ddition, further tests :shoif.red
that a fixed pércentage of white noise worked well for all voiced fricatives.
(Some voiced fricatives are stronger than others; for example, the /z/ in s usu-
ally contain mére frication than the /zh/ in beige.) More precisely, before #dding
white noise to the excitation signal, the excitation signal is scaled-down in order

to have the ratio of white noise power over total power equal .8 .

Given that adding white noise to the excitation removes the perception
of buzziness, one might questioﬁ the need for using a residual from a mixed-
exci.ted frame as the basic driving function. There is, however, weak evidence
that using a such a residual gives a” more natural synfhesis than using a residual
frt;rr; a voiced frame. As a result of this, a residual from a mixed-excited frame
(from the /z/ in fs) was later used to implement the synthesis of mixed-excited

sounds. . : S

6.3 Automatic detection of mixed-excited frames

To maintain the NRC’s goal of a fully automatic analysis, we need an allt,offlati::

X
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method to discriminate voiced fricatives from other voiced sounds. To this end,

the following parameters were considered:

»

e the first autocorrelation coefficient of the audio signal. This parameter .
seemed appropriate, as it indicates a predominince of high frequency
energy. The parameter was discarded, however, as it showed little

correlation with mixed-excited sounds.

e the log amplitude specﬁra of both the audio signa;l."and the residual sig-
nal. Of these two parameters, the log amplitude spectrum of the aﬁdio‘
signal seerhed more promising. There was little correlation between the
high frequency contents of the residual and the presence of fnixed-

excited sounds.

e the average power in the signal obtained from subtracting two consecu-
‘tive glottal cycle (frame) residuals. The hypothesis was that residuals
from mixed-excited sou'nds change more from frame-to-frame than resi-
duals from voiced frames. This measurement, however, gave no indica-

tion as to what type of region (voiced or mixed-excited) was being

ana.l.yzed.
e the baﬁdwidths of all formants.

e the residual power at the start of a glottal cycle (closed glottis interval)

over? the power for the whole glottal cycle. . = -

———

The following three parameters were found particularly useful:



s
1. the total (broadband) power in the audio signal. More specificaily, the

."parameter is the ratio of the power in a particular frame over the average

power of all voiced frames of a file. During mixed-excitation sounds, ‘this

ratio is low. : Sl

2.. the bandwidth of the first formant, B;, estimated by the LPC analysis; it

" usually increases during mixed-excited sounds.

3. the ratio of energy above 3 kHz to total energy. This parameter, here
termed the high frequency index (Afi), is usually high during mixed-excited
frames du;a to the frication tlhat occurs. A fourth order Butterworth filter
was used“to filter th.e’audio signal to obtain a measure of the high-

frequency energy.

The author established the power and B, parameters to be reliable indicators of
voiced-fricatives by comparing LPC derived vocal tract parameters for both types
of frames. Although the high frequency inde.x was introduced by intuition, high
frequency energy is-commoniy used to detect fricatives. However, the author

found no references to the use of B, or of the broadband power to detect voiced

- fricatives.

The increase An B, w2s gurprising, and it seemed possible that it might
- Q

have been the respfnse of the pitch-synchronous LPC analysis to the presence of

noise in the speech.\To test this hypothesis, we syntheéiz’éd entire sentences with

-an excitation signal containing added noise and re-analyzed the sentence. The

value of Bl increased only slightly, less than the tyf)ical amount for voiced
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fricatives. (see Figure 31). The increase of B, was therefore concluded to be a
real property of the acoustic signal. Indeed, B, usually increases when the mouth

is partlally closed, such as durmg the phonation of vo:ced fricatives.
1T BIA,_SAHPI.ES Ty ‘ Z

8
I;l
i
l

1 know whenm y | a wyer i s due

1t : WWAEAYA.BI, SAMPLES=TI1, 2151

We we  t eaway a yeara Eo

Figure 31: Effect of mixed-excitation on B,. Both windows show the changing
values of B, as a function of time. The top window is for tkwmlid and the bot-
tom window is for wwaaye. In both windows, the solid lines are the original
values of B, as obtained from a normal LPC analysis from the original digitized
gpeech. The dotted lines were obtained by a) synthesizing the sentences with the
mixed-excitation driviog function, and b) re-analyzing this synthesis a5 if it were
an original speech file.

Of the other formant bandwidths tested, such as BZ; B,, and By, none -



were found partit:ulérly useful. Although _these bandwidths often increased in

mixed-excited regions, this was not always the case, and hence did not provide 1'1 -

-reliable indication of mixed &xcitation.

Figure 32 shows the acoustic waveform of the phrase *‘five seven’ with

the frame classification {vertical bars). Lines going to the top of the window indi-

cate voiced frames, lines going half-way up, mixed-excited frames, lines going to

the bottom, voiceless frames, and lines going half way down, silent frames. Fig-

ures 33, 34, 35 show the behaviour of all three parameters for this phrase.

0A: 57 SYN SAMPIES=[1 _16004] *

L, 1

Figure 32: Acoustic waveform of ‘‘five seven” with framing information (vertical
lines). Llneé going to the top of the window indicate voiced frames, lines going
half-way up, mixed-excited frames, lines going to the bottom, voiceless frames,
and lines going half way down, silent frames.
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(O TYP SAMPLESE] [, 16004

mixed-excited region

mixed-excited region
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| ‘ ] T00ms
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Figure 33: Power profile of ‘“‘five seven.”

|OC._TIMP _ SAMPLES=[1 ‘Iﬁﬂﬂdl

mixed-excited region mixed-excited region

Figure 34: Bandwidth of the first formant for ““five seven.”

1E: _FREQIS, SAWMPLES=[ L, 18004

mixed-excited region
mi- -7 ) ’ ‘ —
, I
i ll
|
M "‘ _ h
| | 100ms  gowed h e ’li

Figure 35: High frequency index of “five seven.”

e e T



-73.- -

Since none of these paraméters individually provided reliable discrimina-
“tion, “the author exammed ways of combining them The problem ia to decide
whether a frame is voiced or mixed-excited based on the value of these para.me—

- /
ters. This is a binary hypothesxs testing problern, the two hypotheses are that a

frame is mixed-excited or it is not. Values from the set of parameters described
in this section define a sample, and the optimum strategy, namely Bayes
classification, is to assign a sample to the class which it is most likely to belong.

“This decision is based on estimates of class probability density functions, and on

a priori class probabilities. The two hypotheses (or classes) are:

H, : the frame is a voiced fricative
Hy : the frame is not a voiced fricative

Information on class probability distributions was obtained by ma.riually
identifying the voiced and mixed-excited frames contained in the following sen-

tences, and noting the values of the power, By, and Afi parameters for both

classes.

Speaker A:
1. “zero”
2. “five seven”
3. “I know when my lawyer is due.”

4. ‘‘heading: left, olne..ﬁve two.”
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5. “zero one two three four five six seven eight nine ten” '
8. “May. we all .learn the yellow lion roar.”

7. “'We were away a year ago.”’
.8' “Altitude: f:ifteen thousand, ‘two hundre@ and fifty.”

9. ‘““This is full of voiceless fricatives.” .

Speaker B:
1. “I know when my lawyer is due.”

2. “We were away a year ago.”

Speaker C:

——

1. *“The beige Buick chugged along.t”

2. “QOops ! Pardon me Jack.”

L]

6.3.1 Quadratic classitfier

A first attempt consisted of making parametric assumptions about class
probability distributions: they were assumed to be multivariate Gaussian. Proba-
bility densities .corresponding to the parameter values of a saﬁlple were estimated
by computing centroids and covariance matrices for each class, and samples were

. ~
classified assuming equal a priori class probabilities. Not surprisingly, this

-

method proved unreliable, since individual parameter distributions were far from

Gaussian (see Figures 40, 41 42 on pages 79, 80, 81}, and class covariance



matrices and class centroids were found to be inconsistent from speaker to

speaker. These matrices are shown in Figure 36, where pow, B, and hfi denote

the three parameters being considered.for the classification (power, bandwidth of

the first formant,‘ and high frequency index).. Here, ‘‘unreliable” means that’

frame misclassifications produced perceptually salient errors. Empirically adjust-

ing the a priori class probabilities failed to impfove the performance of this

classifier.

speaker A (voiced, correlation matrix)

pow 1.0000 -0,2780 -0.2303
bl -0.2780 1.0000 0.3968
hf -0.2303 0.3068 1.0000

speaker A (voiced, mean vector)
1.03 78.86 0.10

speaker A (mixed-excited, correlation matrix)

pow 1.0000 04140 - -0.4671

bl -0.4140 1.0000 °  0.1509 i
hfi 04671 0.1500 1.0000 &
speaker A {mixed-excited, mean vector)

0.06 187.64 0.44

pow bl hi

speaker B (voiced, correlation matrix)
pow 1.0000 -0.2854 -0.0957

bl -0.2854 1.6000 -0.1421
hii -0.0857 -0.1421 1.0000
speaker B ( voiced, mean vectoogs
1.05 121.21 0.11
speaker B (mixed-excited, correlation matrix)
pow 1.0000 0.1832 -0.0915
bl 0.1832 1.0000 G.3700
hi -0.0015 03700 1.00400
speaker B (mixed-excited, mean vector)
0.25 190.80 031
pow - bl hh

Figure 36: Correlation matrices and mean vectors for two speakers. Voiced
data is on.the top, and mixed-excitation data is on the bottom. For a given
matrix, from left to right and top to bottom, the numbers correspond to parame-
ters pow, By, and hfi. Also shown are the mean vectors for both types of frames

(voiced and mixed-excited).

’

6.3.2 Percepiron Classifier

~ ———

The next attempt consisted of training a multi-layer perceptron[29] on

the discrimination task. Perceptrons are a class of neural-net classifiers, and

neural nets consist of computational elements, called nodes, which are intercori-



. nected via weights, mifnicking the behavior of biologifal neural nets. The output
of a2 given node-is a weighted sum of its inputs Butputs from previous nodes)

passed through a nonlinearity (see Figure 37). Generally, the weights are adé.pted

.

- - " during use to improve performance. . N
Sy

N7 ’ *
vot ( s ..,..-a) ~
-0 .
f, o f, i)
. 1, (e h -
77 . g
[ a- a a- -
=1

HARD LIMITER THRESHOLD LOGIC SIGMOID

Figure 37: Computational element (from Lippmann(30])

f

A perceptron clasGifier is ‘an artificial neural net whose input values are continu-
ous (analc;gue), and ‘.vhose training is done.under super%rision. Multilayer percep-'
trons contain several layers of nodes: an input layer, an output layer, and a vari-
able number of intermediate (hidden) layers. Training dat.a is pré‘éented to the
inp;lt and output nodes, and the node weights are typically adjusted hccording tc')r

the backward error propagation algorithm. This algorithm makes no assumptions
o

about .the underlying distribution of the data but concentrates 6n minimizing the

~ ' error when the distributions overlap. To train perceptrons, corresponding data

/nit pr'ese.’nted at the input and output nodes, and, the weights are adjusted

accorling to the back-propagation aléorithrri‘.’”Once the training is over, the

S

rl
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~ values of the weights are fixed.

Diﬁ'erent neural net topologies affect the outcome of -the .cln.ssiﬁcatiOn‘u.
The nuﬁ?Ber of layers deter;ﬁnes the way in which the observation space can be -
divided. A singleflayer forms a half-plane decision region. A perceptron contain-
iné two layers can form convex decision regions, where convex means that a
straight line conﬁecting two points on the border of a‘region lies entirely within
that regiom. A three-layer perceptron can form arbitrarily comple:; decision
| regions. The number of nodes in the hidden layers detgrmines the complexity of
the decision regions that can be formed \;itilin the classes just mentioned.
Lippménn[30] étrate§ that no more than three layers are require:l with this type of
feed-forward net because a -decision regionl ol any complexity can be generated if
the number of nodes within the layers are sufficient. The number of nodes must,

be high enough as required by the ihput data, but if their number is too large,

the weights may not be properly estimated from the training data.

The perceptron program used for the voiced fricative discrimination was
. ’ _
¢ written by Melvyn Hunt, my thesfs superisor, and Claude_,be’fébvre, a colleague
at.the NRC. This program uses the Back-Propagation traiu‘mg algorithm to
adm the weights. The notf—linear fufiction used i)/the sigmoid, which is a func-

tion of the type : 7

- | f("‘)’"l;_:—-; - - . /(Aﬂ)/

The sigrhoid functipn is shown in Figure 38, with k=10, and x € [-1,”I]. The

»

X

.
sigmoid function controls the dynamic range af the output of individual nodes.
» .

) rd
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As well, it introduces 2 non-linearity in the system. A multi-layer perceptron that

employs a non-linear weight function can be viewed a a multi-stage non-linear

- -

adaptive filter.

VAT OUTS . SAMPLES=T L, 4007

. 4
a1 : e % ‘ : 1

Figure 38: Sigmoid_function

The input training data consisted of sets of paraméter values from both voiced
and mixe,dﬂexcitéd frames; common scaling factors wére used to bound the values
between “1.0” and “-1.0" The output training data were either “1” or ‘-1,
depending on whétherathe corresponding input samples were from voiced or
mixed-excited frames respectively. T.he Back—Propagé.tion algorithm, which is
iterative, was left to run.until t_h:\ values of the weight stabilized (™ 800 itera-

tions) for the topologies shown in Figure 39, - .

fold

Q L4
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‘ inputs % output - inputs % output® ' inputs % output

2 layers 2 layers 3 layers

. 3 layers

. . F"_igure‘ 39: Perceptron topologies tested

All topologies were trained using identical test and training-datd, and-

L]

.a_Il performances were similar to that of the quadratic classifier: there were

instances where voiced glottal cycles without fricatioh were erroneously/j_\.tdged to

contain fricatio{,/\ and vice versa. Because these errors were noticeable in the re-

synthesis, no other testing was performed, and the perceptron tlassifier was

" disqualified. idree

6.3.3 Statistical Classifier

The last attempt was more .empirical. Histograms (Figures 40, 41, and
: »

b
42) of the parameter distributions were fitted with simple functions, or in some

’ * < .
cases with 2 sequence of straight/ﬁes. A note regarding these histograms:



rd
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because there are fewer mixed-excited frames than' there are voiced frames, givén

- a set of digitized sentences, there will always be more information on the distri-

bution of voiced frames than on that of mixed-excited frames: mixed-excited his-

tograms were computed from 150 frames, whereas voiced hiéiograms were com-

puted from 2000 frames..

[0A: /D3/RAYHOND/MYDATQ/MVPOM MIST, SAMPLESaf) 323}

-

T
1C: TO3I/RAVMUND /MVDATO/VPOW HIST, SAMPLES[Y, 3787

J—

0 : ‘ ~ 5

Figure 40: Power .histograms: mixed-excited {top), voiced (bottom). The solid
lines are the histograms, and the dotted lines are the shape of the corresponding
density functions used by the statistical classifier.

F 3 4 ‘ /



- 81 -

04: MYB1 HIST - SAMPLESaf] 3281

IT. VBL.HIST, SAMPLES=[I, 37817

a4 R : A
T 4

o 1117 Hz

Figure 41: B1 hlstograms mixed-excited (top), voiced (bottom). The solid lines
are the histograms, and the dotted lines are the shape of the correspondmg den-
sity functions used in the statistical classifier.

-
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0a: MYHET HMIST. SAMPLESa[1 3281

Figure 42: high frequency index histograms: mixed-excited (top), voiced (bot-
tom). The solid lines are the histograms, and the dotted lines are the shape of the
corresponding density functions used in the statistical classifier.

~

Once the proper shapes were obtained, functions and tables were scaled in order

" to ecjuate their areas to unity. The scaled functions were as follows:

i ‘ (]

Ed



f(powlH,) = 6¢7%,  z€[00]
f(P0w|Hu) = a look—up table

f(B|H,) = a look—up table

e 319.4888 =
f(B,lH,) = 1.735531x 1078 ,  z€[00
(B11Ho) 1+319.4888z%% " - (0]
P(hfilH,) = 1.9:°°, z¢[0,1]
P(hjilHy) = —17 z €[00}

1+1502% "

Figures 43, 44, and 45 show the linear and logarithmic probability density func-
tit;ns'(pdf’_s) of all three parameters. The solid lines are mixed-excitation pdf’s,

and the dotted lines are voiced pdf’s.
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0A: T1S5, SAMPLESa[1 _100]
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1E: TIC. 5, SAMPLES=[1, IOOJ
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-

A

Figure 43: Linear (top) and log (bottom) pdf’s of the pow parameter. The solid

lines are mixed-excitation pdf's, and the dotted lines are voiced pdf’s
-
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e,

[t NS,

TP: T3 15, SAHPLESwT1, 100]

0

-

1117 Hz

Figure 44: Linear (top) and.log (bottom) pdf's of B,. The solid lines are

mixed-excitation pd{’s, and the dotted lines are voiced pdf’s.
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pA- 155, anP_lFQ..['I‘ 10017
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(LTS

ICF T5LS, SAMPLES-TI, 100]

0 1
Figure 45: Linear (top) and log (bottom) pdf’s of the hff parameter. The solid’

lines are mixed-excitation pdf’s, 'med,thedotted lines are voiced pdf’s.

-

Although a concern for determining these density functions was to fit the histo-
-
. : S—

grams as closely as possible, another one was the behavior of these functions in
regfi;ns where data was sparse. For example, the density functﬁm f(gow]Hl) in
Figure 38 dt.)es not seem to fit the/ histogram well; hére, closeness of fit was
sacrificed for the simplicity ,ﬁnd the rate of decrease of the chosen expolr_xeﬁtial

function. Phe rate of decrease is iléu'gortant-because as.a parameter value tends

towards and an extreme, its density functions should increasingly favour one

N &

.
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hypo.thesis over the other.

Due to lack of contrary evidence, all tﬁree parameters are ﬁsumed sta-

tistically indep‘en'deut. This i3 a reasonable assumnption because thé off-diagonal -
'l’tr;ermg of the correlation matrices are not strikingly sim.ilar from spleaker to

épeaker (see Figure 36). Prior to classifying a sample,‘ a priori class probabil.it}a,'
are required ( Pr(Hg) and Pr(H,)). Since most sentences conta.in more voiced
frames than mixed—‘e.xcited‘ frames, a logical decision wﬁuld be to assign 2 higher
probability to Hy. However, as' a startipg point, both prdbabilities were assumed.‘
equal (.5). The choic€ of these valuesgonly affect the decision threshold, and this

threshold can empirically adjusted ‘iﬁf_‘necessary.

Given these assumption, class probabilities are estimated according to
Bayes' theorem: : 2 )

-~

£ (pow [Hy) [ (B, ]H,) £ (hfilH,)
f (pow) f(B,) f(hfi)

Pr(H,|lpow =pow, B;=B,, hfi=hfi) = Pr(H,) (19)
¢ (pow [Hy) f (B;|Hg) [ (hFilHp)
f (pow) [(By) T (hfi)

Pr(Ho)  (20%

Pr(Holpow =pow, B,>=BL hfi=hfi) =

Iy

where f(z) denotesi.ﬁe value of a probability density i.e., f(z) = f.(x=x), with

fx{x) denoting the probability density funct; f the random variable x. f(z|H,)
is a density value assuming H; is valid, anq Pr(H;Ix =x) denofgs the prohability of

" hypothesis i being valid bhsed on' the ebserved sample value z. The test then is

to choose H, if

(
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f (pow | H\)f (B, | H))/ (i |Hy)Pr(Hy) 2 f (pow [Ho)f (By|Ha)f (hfi1Ho)Pr (Ho)
or

[ln[f (pow )} +1nl/ (B, |H¥)]+ln[f (h[ IHl)]'] ;'i“ '[1n[f(pow [H o) +In{f (By|Ho)+In(f (hfi |f}o)]]
= In[Pr(Hy)|-In[Pr(H,)] - ) .
: .

Figure 46 compares the performance of this classifier against that of the

multt—layer perceptron. Shown are ‘“‘decision curves,” which are the outpui of

both types of classiﬁefs .., the value of | L — _ )

-~

In [Pr(Hl)] —ln'[P;r(Hg)] ‘.

for all voiced frames. If a decision curve is greater than zero (indicated by the

ha
horizontal axis), the frame is classified as mixed-excited. The top window con-

~
r

. tains decision curves for the phr e-“ﬁvc seven,” and the bottom M{ihdow shows
decision curves for the sentence “the beige Buick .chugged along.” In both win-
dows, the solid line is the decision curve from the perceptron classifier, and the
dotted line is-the output from the statistical classifier. The perceptron classifier,

which had a single hidden layer containing two nodes, was trained with the back

rd

propagation algorithrﬁ using -70@ iterations. For either type of classifier, the test
bl ) . ra

and the training data were identical.

e g —
it
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Figure 46: Typical decision curves from the statistical (dotted lines) and percep-
tron classifiers. If a decision curve is greater than zero (indicated by the horizon-
tal axis), the frame is classified as mixed-excited. The top window contains deci-
sion curves for the phrase “five seven,” and the bottom window shows decision
curves for ‘““the betge Buick chugged elong.” For both types of classifiers, these
test sentences were included in the training data.

As Witﬁ the multi-layer perceﬁt’ron classifier, the statistical cla.ssiﬁe’r‘ also -mad‘e-
salient‘ err01:s.' Alth;u)g}h e%npirical adjustments of the e pr:'or:'. class‘ probabilities
were unsuccessful, it was possible to eliminatP: theiérrors by submitting glot,ta!
.Ms' judged 'to ’c‘o‘ntaiﬁ l'ri.catioo? to an adflitiqpal test using only the .rfr:laf,ivc
energy above' 3 kHz (the s'c;-called high.frequengy_ inﬂex_p&r'amclci‘)i Althoﬁi{)ji
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filters out salient ;3rrors, it also removes a few glottal cycles that had f)revioﬁsly
been 'identiﬁed correctly as mixed-excited. However, since_they did not have
much high frequency energy, they dd not sound “buzzy when t;xcited with the
standard voiced excitation signal. VTo recapitulate, then, it was finally decided ‘to

judge a ffa,me as belonging to a voiced fricative if PF(H )= Pr(H,), and if

In [P(hf:‘|H1)] - [P(hffmo)] =0
computed with a priors class probabilities set at 0,5 .

Ll

6.3.4 Speech data for the evaluation of the statistical classifier

Becausé it did:not make salient errors with the training data (the ser-
tences listed at the beginning of section 613), this method was tested on a new set
of sentences spoken by a new speaker (sentences that were not included in the
training data). These sentences were chosen to contain a high éropolrbion of
voiced f{ricatives anci included exarﬁples of all thé voiced frica.tives found in
English:

-

1. “Five and seven is twelve.”
9. “Eve drove the car into the edge of the grove.”

3. “Those people bathe for pleasure in their leisure time.”

4. “At the edge of the hedge lives a large beigeldove.”'
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5. “This judge with- the badge on his breast always grudges against the

chu'rch.”

6.3.5_Resuits-

~No major errors could'be detected either by listening or by exar'nining
the locations of the regions declaped- to contain voiqed frication. A caréful‘ob(ser;_w‘v R
vation of classification decisions revealed that minor errors did occur, but these
errors were not. perceptually Eetectable for they occurred mostly in regions of low
acoustic power. As weli, “borderline”’ frameS'caril usua[lj-r bg classified as voiced

J
or mixed-excited without adverse effects.

6.4 Implementation

' Fiéuré 47 shows how the NRC's speech production model was modiﬁed' for the
synthésis ‘voiced fricatives. It now contains two peri(;dic excitation‘signals, signal
2" for voiced soundé, and signal “b,” for voiced fricatives. Signal “a’ is a resi-
dual from a voiced frame, and signal “b" is-a residual f;'om a mixed-exéited
frame (one which also has a major spike). A fixed ;mount of white noise is
added to signal “b”; this was found to be crucial to the synthesis voiced frica-.

tives.

The choice of excitation is encoded separatély, but not independently,

from the output file of the LPC analysis: for each speech frame; the ‘Synthesis
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program reads a single parameter from a so-called mixed-voicing file. In this file,

- &
a “1” indicates a2 mixed-excited frame i.e., signal “b" should be used along with

the additive noise component. A “0” indicates a purely voiced frame (periodic

! -

sigral ““a” is to be used).

0

. . Periodic

Fundamental
Freguency

Signal o
ln| ) ,

Periodic
Signal

Vacal
Tract

b ' Filter

Gain

- Random
. Noise .
N~ _ Generator

Figure 47: Speech production model for voiced, voiceless, and. mixed-excited
speech sounds. . . o .
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Signal
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, ~ CHAPTER 7 | g

PITCH-ASYNCHRONOUS L.PC

__quri,rig work done for this t.hesisl,.iﬁ\ was observed that for a pii-;ch-“

synchronous ‘analysis using the covariance method, the quality of the analysis is

not affected by offsets of the anglnysis interval with respect to the glottal cycle.

This is surpnsmg because this property had been considered vahd only for much

longer analysig intervals that include several pltch-perlods[23] The finding led to
the observation that with the covariance method, pltch-asynchronous analyses

using 10 ms windows are comparable to pitch-/s;;mhronous 'analyses. This chapter

is an inquiry into the mechanisms behind these observations.

For voiced frames, LPC analyses ca.rri_ed out with short analysis inter-
vals {intervals at leaé§ 25% shorter than the pitch-perioa) are sensitive to the
placementl of the analysis window the within the ‘glottal cycle. One reason for
this is t-hat during the open glottis phase, the trachea and lungs are acoustically
c‘oup_l'ed to dth;a vocal tract, causing a lowering of formant frequencies and an
increase in formant bandwidths. Hence, the acoustig properties of the vocal tract

vary during intervals of glottal cycles.

Becauge of this, pitch-asynchronous analyses are’ generally carried out
with long windows, and are therefore considered less precise, since the LPC pred-

jction error is' minimized over the entire analysis interval. Although continuity of
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formant tracks have been found inSensitive the placements of such windows
within glottal cycies[31], continuity of formant tracks is not a valid criterion for

the accuracy of the analysis, and typical problems with pitch-asynchronous ana-

lyses in general include poor bandwidth estimates and 2 shift in the first formant -

-

_frequency caused by hax:inonics of the fun_c‘ién_;gptgl_. Another difficulty.of pitch
asynchronous analyses perhaps worth mentioning is the estimation of the excita-
‘tion power, since exc:'itation instants will not generally fall at the start of an
analysis intervals, and a given interval may contain several excitation point_,s.
However, a “bug” in the original system caused significant errors in power esti-
mates, aqd correction of the problem did not improve the perceived 'qpality of
the s:;rntheslis. This leads us to conclude that, to some extent, we are perceptually

insensitive to absolute power levels in speech.

During the research performed for this thesis, it has been ob§erved that

' %
pitch-asynchronous analyses using short (10" ms) windows produces formant. fre-
. G . .

‘quency estimates comparable to those from pitch-synchronous analyses, and pro- -

vided that the bandwidth of the first formant {B,) is not allowed to decrease

below a threshold, the resulting synthesis is co-mparable if not better than a syu-
. .

thesis obtained from a pitch-synchronous analysis. Figure 48 shows the closeness

between formant frequencies tracks derived from the pitch-synchronous and

pitch-asynchronous analyses.
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Figure 48: This figure shows the closeness between formant frequencies derived
from the pitch-synchronous and pitch-asynchronous analyses (10 ms window with

-1 ms overlap).- The vertical axis represents the frequency, ranging from 0 Hz at

the bottom to 5 kHz at the top. The horizontal axis represents time scale for the
duration of the whole sentence. Formants from both analyses are superimposed,
with F, at the bobtom and Fg at the top. The sentence is “ We were away @ year
ago.’’

The value of B, is prevented from f{alling below 40 Hz using the formula

~

- ' B, = VB;* + 1600 ' ' (21)

where B, is the original bandwidth and B, its adjusted value (see Figure 49).
Although under-estimation of B is particularly significant during nasals, .limiting'

the value of B| was also found to improve the synthesis from pitch-synchronous

analyses in a global way {(not just for n'a.sals).
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Figure 49: Function used to limit the value’of B for synthesis purposes. The
dotted line is Bl’ = _Bl'

Figure 50 shows the value of B, obtained frbm.both types of analyses.

Y )
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Figure 50: Top window: un-adjusted values of B, obtamed from the pxtch—
synchronous analysis (dotted line) and from a pitch-asynchronous analysis (solid
line). Bottom window: B, from the pitch- asynchronous analysis: un-adjusted
(solid line) and .adjusted (dotted line). All analyses where done with the LPC

~ covariance method using rectangular windows with a 1 ms overlap.

.
r

To explain why the asynchronous and synchronous analyses are 'compar-
able, it has been conjectured that LPC in a sense does its own pitch-synchronous

analysis. Recall that linear prediction minimizes the square error on the predicted

—waveform, and therefore concentrates its analysis on the strong partd of the sig-

nal. The hypothesis is that LPC concentrates its analysis on the start of each

.!-‘
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‘glottal cycle because this is the strongest part of the speech, and bécause of this,

frame placements within glottal cycles are irrelevant. In an attempt t(; véﬁfy this
hyﬁothesis, 2nd order LP analyses were perfor'med on chi‘rps. of decaying ampli-
tude — sine waves of linégrly changing frequency‘ and exponentially deca.yi;lg
amplitude. These chirps were both 100 samples long (10.ms). LP anaiyses were

performed on two sets of chirps: chirps of decreasing frequency, and chirps of

increasing frequency. The results of the LP:analyses are shown in Table 1.

start frequency | stop frequency | pole freqiiency | pole bandwidth
(Hz) __— {Hz) {Hz) (Hs)
1000 950 939 78
950 1000 955 80
1000 §90 988 80
990 1000 991 80

I

Table 1: Results from 2nd LPC analysis on chirps of decaying amplitude.

v

The resﬁlts show that to minimize the error power, the polé frequency
(thé_-zero of 't'he‘invers.e filter) is not necessarily at the frgquen;:y of th;e sb‘r-ong
parts of the signal. This does not mean, however, that the strong parts of the sig-
nal 'do not have a predominant effect on the LP analysis. Comparing the eﬂ(;cts
on LP analysi; éf -cﬁanges in strong parts of the signal to changes in weak parts
of the sig.nél_,suggésts that they do. Second-order LP analys'es; were performed on
chirps that:)we;g nou-unifo;mly resampled. In one case, the sampling interval for
the first 20% of the chirp‘ was unchanged;and the interval was linearly increased
to 10% by the time the end o.f the chirp was reached. This had the eflect of

linearly increasing the frequency components along the chirp by the same

~
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‘percentage, aﬂd is refer-ré.d to as “compression at énd.” In the o.ther case, -the |
Asampl.ing pattern was reversed, so that the 10% freque;lcy increase occurréd‘ ét
the start of the chirp. This is called “compressi;)n at beéinning.” Figure 51 shows
the chirp in its undistorted form, and Table 2 shows the percentage changer in
the pol_e frequency with respect to the undistorted (normal) chirp. 'Fhese results
clearly indicate that the LPC analysis does indeed concentfate on strc‘mg par.ts of

the signal.

»

Wb ’

TA: C3.AUD, SAMPLESTI, 1007

| : .
Figure 51: Undistorted chirp used for distortion test: The envelope is e 104z .
and the start and stop fljeqliencies are 1000 Hz and 950 Hz respectively.

pole frequency | percent change
normal 939 - -
compression at end 942 320 '
compression at beginning 1014 7.99

Table 2: Pole [requencies from second-order LPC analyses performed on normal
and non-uniformly resampled chirps.

This resampling test ‘\gg‘sf also performed on four speech frames. The
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sampling interval for the first 20% of a frame c'cirresponded to that of the.origi-

nal samplifig rate, and then the interval was linearly increased l?y‘-lo% by the

v

- time the end of the frame was reached. This has the effect of linearly increasing

the frequency components along a frame by the same percentage. Then,- the

resampling pattern was reversed, i.e. the 10% frequency increasesoccured at the

beginning of a frame. Tenth order LP analyses were performed on these distorted

frames, and the 1esults are plotted in Figure 52, showing the percentage change

of formant frequencies reiative to the pitch-synchronous analyses.' Each line

represents a different frame. These results also show a tendency of LP analyses to

concentrate on strong parts of the signal. This is not the same thing as saying the

frequency returned from an LP analysis corresponds to the’frequency of the

strong part of a signal (see Table 1).
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Figure 52: Percentage change in formant freéquencies

Another experiment consisted of doing an LPC analysis on different

parts of a glottal cycle, and comparing the results. A full glottal eycle analysis

|
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was compared against closed “and open gl:)ttis analyses. The analyzed speech was
: N . . ~t ‘
" a neutral vowal (schwa). The open and closed glottis intervals were localized with

the glottal air flow signal, shown in the bottom window of Figure 53. Flat se;g-

-~

ments of this signal indicate zero air flow. and hence closed vacal cords. The glot-

3

tal air flow was derived by taking the residual from the 10th-order LP{ analysis
and integrating it twice. The small bump in these intervals may -have been
caused by an incompletely cancelled first formant, or by secondary vocal cord

-
activity.

-

v
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‘Figure 53: Preemphasized schwa vowel (top window) and corresponding glottal |

air flow (bottom window). “‘cg” and ‘“og” indicate open glottis and-closed glottis
intervals, whereas “fg”’ stands for “full glottal’ interval.

Table 3 shows the vall';es of formant frequencies and bandwidths obtained from a
10th order LP analysis of different interval of a glottal .cycle. For the particular
frame analyzed here, the closed glottis values (“cg”) are closer. to those of the full
glottal cycle (“fz”), as expec_ted. The pole frequencies l'rorﬁ the open- glottis

-analysis moved in the oppoéite direction from that expected from the effect of

s—ub-glottal coupling.
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f1 b1 “f2 |- b2 3 - b3 14 b4 45, bs
{Hz) (Hs) | (Hz) (Hz) {Hz) - | (Hz) .| (Hs) (Hs) | . ({Hz) ‘(Hz)
fg’ 484 34 1395 56 2191 78 3850 129 |- — -
cg 523 25 1410 47 2192 | 41 3871 123 4856 .| 181
| op 560 | 209 1580 289 2199 222 3978 182 — —

Ed

~.

Table 3: Values of formant frequencies and béndwidth\Bﬁtained from-a 10th

order LP analysis of different interval of a glottal cycle. Except for the closed
glottis case, no fifth formant was foup.d. ‘ N .

-

Although the results from this experiment are less convincing, LP ana-
lyses seem_more sensitive to strong parts of signals than to the weaker parts. It is
g T

difficult to assess,” however, if the magnitude of this tendency is.sufﬁcient to

explain the unexpected perforinancg of pitch-asynchronous LPC analyses.
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CHAPTER 8

CONCLUSIONS —..

.In the previous chapter we attempted to explé.in why the pél;formance
of a pitch-asynchronous anélysig with a fixed 10 ms analysis interval is compar-
able to ‘that of a pitch-synchro;i;dé #nalysis. It was conjectaured that the LPC
technique na.t.l;rélly concentr‘ates its analysis on strong parts of the signal, and
since these occur in sylnchro;y with.the closing of the vocal cords, pitch.-

asynchronous analysis are effectively pitch-synchronous. Several tests were per-

formed to verily this hypothesis, and the results of these tests support it to vari-

ous degrees.

The changes to the LPC system sli'gniﬁcantly ir;lproved the naturalness
of the synthetic speech. The new speech segmentation program performs well; it
has not been obsgrved to make frame classification errors. The U—shaped tﬂres-
hold used tp detect péaks in the la;yngograph gignals increases the reliability of
the pitch extraction. Further improvements could ;:onsist of an aﬁtomatic polar-
ity -detection z;nd autom;;ic scaling of the laryngograph signall. Both of these

steps are done by hand at present, and the addition of this improvement would

automate completely the entire analysi8 and synthesis system.

The temporal structure of the voiced excitation signal is important, and

for voiced fricatives, the excitation function needs a degree of aperiodicity
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between adjacent glottal cycles to eliminate the perception of buzziness.

Frames containing voiced fricativeei are detected a.utomat.icallly- using
measures of power and B,. The proper synthesis of th;ese frames contributes
significantly to the quality of the synthesis. Even though only short parts of the
synthesis are affected, they cannot be neglected, as ’orie'f unnatural sounds in oth-

erwise good synthesis are distracting.

Provided a lower bound is imposed on the value of B,, a re-synthesis
from a pitch-asynchronous analysis is found to be comparable in quality to a re-

synthesis from a pitch-synchronous analysis.
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APPENDIX A: Other modifications ;

This section explains minor modifications made by the author to the speech seg-
.mentation program. The modifications are called ‘“voice -onset reflect” and
“yoiceless onset.” Both of these meodifications are an attempt to improve the

speech synthesis by increasing the accuracy of the excitation gain (or power)

parameter.
‘ The voice onset reflect algorithm, whose effect is shown in Figure 54,
__2 ~ddjusts the length of a last frame before a voiced region so that it has the same

pitch-périod as the first pitch period detected by the laryngograph. This is rea-
sonable, because the ﬁrs@. glottal cycle is usually weak and undef.gcted.by the lar-
yngograph. Although this addition to the segmentation .process makes a (iuespion-
able difference on the final synthesis, it‘ is probal;ly, on the average, better than
to let. the last unvoiced frame befqre a voiced region be of random lenéth,

because the power parameter is still estimated more accurately. .
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Figure 54: Voice onset reflect. The solid trace is the time-differenced laryngo-

. graph signal, and the dotted trace indicates frame boundaries: lines going to the

top of the window indicate voiced frames, and lines going down, voiceless frames.
The last voiceless frame before a voiced region has the same pitch-period as the
first pitch-period detected by the laryngograph.

Voiceless onset attempts to detect more precisely the instant at which
voiceless speech begins. In the absence of activity from the vocal cords, the frame
sizes are set at 10 ms. This means that the onset of voiceless speech cannot be
detected with a resolution of less than 10 ms. As a result of this, errors in the

i - ————

power {gain parameter) for short bursts of voiceless speech may produce degrada-

.

tions in the synthesis,

The author modified the seg program to enable it to rn-onitox;lthe ghort
term power in the audio signal in intervals of 1 ms. Therefore, it now detects
the onset of voiceless speech with an accuracy of 1 ms, and thus errors in power

-~

estimates are greatly reduced (Figure 55).

A et — T
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Figure 56: Voiceless onset. The solid trace is the preemphasized acoustic signal
for the sound.jn “Jack,” and the dotted vertical bars indicate frame boundaries:
lines going half way down the window indicate silent frames, and the line going
to the bottom of the window, voiceless frames. Bursts of noise are detected with
a 1 ms accuracy. '

This modification improves the aﬁalysis and synthesis of short bursts of voiceless
sounds. To illustrate this, consider the sound, such as the one in “Jack,’f;{__a,(g,i_'_~
assume that it lasts [ess than 10 ms. If the sound falls right on a 10 ms frame
~ boundary, thé power will be split over two frames, and the sound will not be

reproduced accurately.
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