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warped linear prediction, it is thus possible to model a wideband spectrum with a frequency
resolution close to that of the human auditory system. This way, fewer predictor coefficients
can be used to model the auditorily most relevant information.

This Master’s thesis studies warped linear prediction techniques with the emphasis on modeling
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to the study of the main differences between ordinary and Bark-warped linear prediction. The
optimal reduced prediction order, or number of model parameters, in warped linear prediction
of speech has been determined using the modeling performance measures. In addition, two
frame-based and two computationally more efficient adaptive methods have been analyzed and
compared with each other. Results are reported on how the time resolution of these analysis
methods can be adjusted properly.
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Lineaarinen ennustaminen on digitaalisessa signaalinkasittelyssé paljon kaytetty menetelméa
spektrin verhokdyran estimointiin. Spektrin verhokéyramallit ovat kéyttokelpoisia esimerkiksi
monissa puheanalyysisovelluksissa, kuten automaattisen puheentunnistuksen piirteiden muo-
dostusvaiheessa.

Tavallisen lineaarisen ennustamisen kdyttdma taajuusesitys voidaan muuntaa niin sanotuilla
varppaustekniikoilla siten, ettd signaalinké&sittelyjarjestelmén taajuusresoluutio vastaa esimer-
kiksi ihmisen kuulon mukaista Bark-asteikkoa. Taajuusalueessa varpatulla lineaarisella ennus-
tamisella voidaan taten tuottaa kuulon taajuusresoluutiota vastaavia spektrimalleja laajakaistai-
sista signaaleista. Menetelmdn etuna on se, ettd auditorisesti olennainen informaatio voidaan
kuvata pienemmaélla maaralld malliparametreja.

Tamé diplomity6 késittelee taajuusvarpatun lineaarisen ennustamisen toteutuksia erityisesti
puheen spektrin mallintamisen kannalta. Tydssa on kehitetty objektiivisia mallien laatumitto-
ja, joilla on tarkasteltu tavallisen ja Bark-asteikolle varpatun lineaarisen ennustamisen keskei-
sié eroja. Bark-asteikolle varpatulle lineaariselle ennustamiselle on mééritetty ndiden mittojen
avulla puhekommunikaation kannalta sopivin alennettu asteluku eli malliparametrien maéara.
Lisaksi tyossa on tutkittu ja vertailtu keskendén kahta kehyspohjaista ja kahta laskennallises-
ti hieman tehokkaampaa adaptiivista menetelméa. TyGssé on selvitetty, miten eri menetelmien
aikaresoluutio voidaan parhaiten asettaa halutuksi.
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Chapter 1

| ntroduction

Physically, human speech manifests itself as air pressure variations caused by movements
of the speech production organs of the speaker. When computers or signal processors are
used to process a speech signal, the pressure variation signal is first converted to an electric
signal by a microphone. The continuous electric signal is then sampled at discrete time
points and quantized to a sequence of discrete-valued samples. A digital speech signal is
thus obtained and stored in the memory of the device.

Applications involving digital speech signal processing include speech analysis, recog-
nition, coding, and synthesis. Speech analysis is concerned with processing techniques for
extracting information from the speech waveform [2]. Speech can be analyzed just for anal-
ysis’ sake, e.g. when doing research of phonetics or speech production modeling. Speech
analysis is also one processing stage in speech recognition, coding, and synthesis. In these
applications, capturing the envelope, or general shape, of the spectrum is particularly im-
portant. A popular method for parametric spectrum estimation is linear prediction (LP)
[22].

The primary motivation of this study is to serve the feature generation stage in speech
recognition, which is a pattern recognition problem. The numerous discrete speech samples
need to be represented by a smaller number of features. The features are usually chosen to
represent aspects of the short-time spectra. LP can be used in a speech recognition front-end
to generate features that represent the spectrum envelope [28].

Maximum reduction of the number of features with minimum loss of discriminative in-
formation is very desirable in pattern recognition. This applies also to speech recognition.
One approach to reduce the number of features further is to exploit knowledge of the hu-
man auditory perception and focus on the perceptually most relevant parts of the signal
spectrum. One way to do this is by spectrum estimation via frequency-warped linear pre-
diction, or simply warped linear prediction (WLP), which is discussed in this thesis. WLP
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is a generalization of ordinary linear prediction and allows the modeled signal frequencies
to be mapped into a nonuniform resolution frequency scale, such as the psychoacoustic
auditory Bark scale.

Frequency-warped digital signal processing techniques, including WLP, have been exten-
sively studied at the Laboratory of Acoustics and Audio Signal Processing of the Helsinki
University of Technology [11]. Many different WLP techniques have been developed, im-
plemented, and applied especially to wideband audio coding [13] [11] and speech synthesis
[19]. The application of WLP in speech recognition front-ends has thus far not received
overwhelming attention. WLP-based feature extraction for speech recognition was initially
suggested after promising results in stop-vowel classification tests [21]. Since then, front-
ends based on WLP have compared favorably against established techniques, such as mel-
frequency cepstral coefficients (MFCC), in spoken digit recognition experiments [34] but
less favorably in phonemic continuous speech recognition [33]. In any case, WLP-based
front-ends have achieved results comparable with the standard auditorily motivated meth-
ods such as MFCC and Perceptual Linear Prediction (PLP). All these techniques have used
the modified autocorrelation method of WLP, henceforth called simply the autocorrelation
method as in ordinary LP. While the autocorrelation method has been dominant, several
alternative feasible techniques exist for WLP computation, including block (frame-based)
methods as well as adaptive methods.

The purpose of this work is not to give a comprehensive treatment of all possible frequency-
warped versions of the numerous techniques for linear predictive coding. Rather, the focus
is on a few important issues that have perhaps not received sufficient treatment thus far.
These issues are related both to WLP in general and specific computation techniques. This
work tries to find answers in particular to the following questions: How would one ob-
jectively select the model order when the modeled signal is a speech signal? How should
we select the adaptation rate in adaptive WLP techniques? How do these computationally
efficient adaptive techniques compare against the standard block techniques with different
types of speech input?

The organization of the thesis is as follows. The theoretical part includes chapters 2-4.
Chapter 2 reviews some important basic concepts of speech production, acoustic represen-
tation of the speech signal, and hearing. Chapter 3 discusses LP and WLP analysis. Chapter
4 introduces the model quality measures used in the experimental part. The empirical part
includes chapters 5-8. Chapter 5 gives an overview of the simulations setup. Chapter 6
contains the results of analyses related to model order selection and also discusses the dif-
ferences between LP and WLP. Chapter 7 discusses setting the temporal resolution of the
block and adaptive estimation techniques optimally and also compares them with each other
in terms of model quality. Chapter 8 presents the conclusions.



Chapter 2

Speech communication at the
physical level

2.1 Speech production mechanism

The human speech organs, depicted in figure 2.1, can be divided into three main groups:
lungs, larynx, and vocal tract. While the term vocal tract is sometimes used to refer to
the whole system of organs involved in speech production, for speech modeling purposes
it is more practical to include only the supralaryngeal articulators in the definition. The
excitation for speech can occur in the larynx or in many different places along the vocal
tract, depending on the sound to be generated. Speech sounds can be classified according
to their type of excitation. The four main types of excitation are: voiced, unvoiced, mixed
voiced and unvoiced, and silence.

The primary function of the lungs, situated in the chest or thorax cavity, is breathing.
Breathing is accomplished primarily by contraction and relaxation of the diaphragm at the
bottom of the thorax. The lungs inspire and expire a tidal volume of air every 3-5 s at
rest. Normal exhaling takes about 60% of the duration of each breathing cycle [27]. The
lungs also have an important role in speech production, because they generate a pressure
difference that is important in producing the excitation for speech sounds. Most sounds
in all languages are egressive, that is, they are formed during expiration. For this reason,
the inhale-exhale time ratio during speech differs from that during normal breathing and is
typically about 1:10.

The excitation for the voiced speech sounds occurs in the larynx, where the vocal folds
are located. The vocal folds are a pair of elastic structures of tendon, muscles, and mu-
cous membranes, with posterior ends attached to the arytenoid cartilages and anterior ends
attached to the thyroid cartilage (Adam’s apple). The opening between the vocal folds is
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Figure 2.1: The human speech production mechanism (from [18]).

called glottis. During normal breathing, the glottis remains sufficiently open to allow free
air passage without creating sound; however, when air is expelled from the lungs through
the glottis and the tension of the vocal folds adjusted properly, the vocal folds can be made
to vibrate in an oscillatory fashion. This causes periodic interruption of the subglottal air-
flow from the lungs, which in turn results in quasi-periodic pulses of air that excite the vocal
tract.

Unvoiced excitation can occur either in the larynx or various parts of the vocal tract.
Whisper (aspiration) sounds are generated when the glottis is made to stay narrow enough
to hinder airflow from the lungs, thus creating turbulent noise. Noise can also be generated
by the same mechanism somewhere in the vocal tract. Turbulent noise sounds generated
at a narrow constriction in the vocal tract are called fricatives. Voiced and unvoiced exci-
tation can sometimes be mixed, when both vocal fold vibrations and turbulent noise at a
constriction are present simultaneously.

According to the source-filter model of speech production [4], the vocal tract acts as a
filter shaping the signal from the excitation source (either voiced or unvoiced). The vocal
tract resonances shape the spectrum envelope of the source. Speech sounds with similar ex-
citation have their main acoustic differences in the spectrum envelopes, which are imposed
by different vocal tract filters.

2.2 Acoustic phonetics

The science of phonetics studies issues related to speech sounds, their production, and per-
ception. It can be roughly divided into articulatory, acoustic, and auditive phonetics [37].
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Avrticulatory phonetics relates linguistic features of sounds to positions and movements of
the speech organs. Acoustic phonetics studies speech waveforms and spectra and their rela-
tionships to phonemes (the basic representatives of different speech sounds). It deals with
the differentiation of speech sounds based on the observed acoustic output of the speech
production system. Auditive phonetics is concerned with speech perception. The emphasis
in this thesis is on the acoustic aspects, as the main goal is to find methods for generating
good spectrum envelope models and good modeling of formants.

The original primary meaning of the term formant is an observable spectral peak in the
sound spectrum [4]. Since the spectral peaks are very closely linked with resonance fre-
quencies of the vocal tract filter, these terms may often be used synonymously. In most
applications, formant frequencies are taken to be properties of the vocal tract system dur-
ing voiced phonation. Formants may be abbreviated F'i, where the first formant F1 is the
formant with the lowest frequency. The low frequency formants, in particular the second
formant F'2, are the most important ones in discriminating between voiced speech sounds.
Formants F'1-F'3 fall below 3500 Hz [28] and in most cases below 3000 Hz [27].

Spectrograms are a basic tool in spectral analysis. Instead of a common two-dimensional
speech waveform (amplitude vs. time), a spectrogram is a three-dimensional pattern: a
time sequence of short-time spectra (amplitude vs. frequency). An example spectrogram
is shown in figure 2.2. With time and frequency on the horizontal and vertical axes, re-
spectively, amplitude is noted by the darkness of the display. The dark bands with mostly
horizontal orientation represent the formants.

The following phoneme categories are relevant in this thesis:

e \owels are voiced (except when whispered), have great intensity, and are fairly long
in duration (up to a few hundred milliseconds). The transitions between different
vowels are gradual rather than abrupt due to the fact that the vocal tract shape can not
be changed very fast.

e Nasals and laterals somewhat resemble vowels but are voiced, steady consonants
during which the mouth output of the vocal tract is limited; in nasals, the primary
vocal tract is closed and the air flows through the nasal cavity (figure 2.1); in laterals,
the tongue blocks the main air flow by pressing against the alveolar ridge behind the
teeth, but there is a passage for air flow on both sides of the tongue.

e Semivowels (glides) and trills are voiced consonants which are often less stationary
than vowels, nasals, or laterals; there may be transient changes in the vocal tract and
considerable constriction reducing intensity (semivowels) or modulation caused by
tongue tip vibration (trills).
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Figure 2.2: Example spectrogram of the utterance ’vdard ksylofonivirtuoosi nuutuu
haatolaeissa’.

e Fricatives are usually unvoiced, aperiodic and with most part of the energy at high
frequencies.

e Stop consonants or plosives are of transient nature and consist of two parts: the oc-
clusion, or vocal tract closure, which renders the speech either silent (for unvoiced
stops) or a low intensity low frequency voiced sound (voiced stops); the closure is
ended by a noise burst usually followed by frication.

When it is necessary to refer to individual phonemes, this thesis uses the fenno-ugric
system of phonemic transcription [37]. The notation in the present scope also complies
with the Finnish orthography; the phonemes in spoken Finnish and the characters in written
Finnish have an almost one-to-one relation. Most of the characters in written Finnish are
identical to the corresponding phoneme symbols in the International Phonetic Alphabet
(IPA) with only a few exceptions [33]. References to individual phonemes are only used in
some examples and are not essential for following the discussion.
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2.3 Hearing and psychoacoustic scales

The human speech production and hearing mechanisms are very well matched with each
other and may have evolved in parallel [27]. The ear is especially responsive to those fre-
quencies in the speech signal that contain the information most relevant to communication,
i.e., in the 200-5600 Hz range. The listener can discriminate small differences in time and
frequency found in speech sounds in this frequency range. In terms of the sound pressure
level (SPL), the hearing threshold rises sharply with decreasing frequency below 1 kHz and
with increasing frequency above 5 kHz. When measured 1 m from the lips, normal speech
has an average SPL of roughly 60 dB. In the frequencies of greatest interest, the SPL is
clearly above the normal threshold of hearing and well below the threshold of feeling [27].

The human ear can be divided into three main parts: the outer ear, the middle ear, and
the inner ear. Figures 2.3 and 2.4 show a drawing and a simplified diagram, respectively,
of the peripheral auditory system.

Figure 2.3: The structure of the peripheral auditory system (from [18]).

The outer ear consists of the pinna and the ear canal and is separated from the middle ear
by the eardrum. The function of the outer ear is simply to act as an acoustic filter passing
the sound waves into the middle ear. The pinna is relevant for localization of sound; by its
asymmetric shape, it makes the ear more sensitive to sounds coming from in front of the
listener than to those coming from behind and thus causes these directions to be perceived
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Figure 2.4: A simplified diagram of the human ear (after [16]). The cochlear part has been
drawn straight instead of coiled.

differently. The ear canal can be approximated as a simple acoustic tube open at one end
(pinna) and closed at the other (eardrum). The canal in an adult is between 2 and 3 cm in
length and about 0.7 cm in width. Acting as a quarter-wavelength resonator, it amplifies
energy in the 3-5 kHz range.

The eardrum marks the beginning of the middle ear, an air-filled cavity of about 6 cm?
that contains the ossicular bones: malleus (hammer), incus (anvil), and stapes (stirrup).
Their function in the hearing mechanism is to linearly transmit eardrum vibrations to the
oval window membrane of the inner ear while also doing an acoustic impedance trans-
formation. The liquid medium in the inner ear has about 4000 times higher an acoustic
impedance than the air medium in the outer ear. The transformation is based primarily on
the large area difference between the eardrum (about 65 mm?) and the stapes (about 3 mm?
[16]), but secondarily also on the lever action of the ossicular bones.

The cochlea, located in the inner ear, is a coiled tube filled with a gelatinous fluid called
endolymph. Sound waves enter the cochlea from the middle ear via the oval window. Within
the cochlea, the vibrations in the fluid cause the basilar membrane to start vibrating as well.
On the basilar membrane lies the organ of Corti which contains about 30000 sensory hair
cells, arranged in several rows along the length of the cochlea and the basilar membrane.
Without going into too much detail, basilar membrane vibration in some location causes the
affected hair cells to send electrical impulses up the neural fibers of the auditory nerve. The
basilar membrane varies gradually in width and density along its length. In the beginning
(near the oval window and the round window) it is narrow and stiff but near the apex it
is compliant and massive. Each location on the basilar membrane responds differently to
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sounds in different frequencies. High frequency traveling waves in the inner ear resonate
near the beginning of the basilar membrane, while low frequencies travel across the mem-
brane and resonate in the apex end. In terms of the resonance location on the membrane,
the frequency resolution of the basilar membrane is best at low frequencies.

A classical and fundamental concept in the study of hearing and sound perception is that
of a critical band related to the frequency resolution of hearing. A critical band defines a
frequency range in psychoacoustic experiments for which perception abruptly changes as
a narrowband sound stimulus is modified to have frequence components beyond the band.
When two competing sound signals pass energy through a critical-band filter, the sound with
higher energy within the critical band dominates the perception and masks the other sound.
Critical bandwidths can be measured by various slightly different psychoacoustic tests [16]
[27]. Below 500 Hz, critical bandwidth is roughly constant at about 100 Hz. For higher
frequencies, it increases proportional to the center frequency (roughly logarithmically above
1 kHz) reaching bandwidths of 700 Hz when the center frequency is near 4 kHz. An analytic
expression for mapping the frequency f into critical-band rate z, or the Bark scale, is [27]

z = 13tan~1(0.76 f /kHz) + 3.5tan*(f/(7.5kHz))? (2.1)

This mapping is shown graphically in figure 2.5. The frequency resolution is obviously
nonuniform; dz/df is much greater, meaning better frequency resolution, at low frequencies
than at higher frequencies. Recalling what was said about formants F'1-F3 in section 2.2,
it is readily seen that these perceptually most important formants are located exactly in the
frequency range in which the frequency resolution of hearing is at its best.
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Figure 2.5: The Bark scale versus the frequency scale.



Chapter 3

Parametric speech spectrum
modeling

3.1 Linear prediction

3.1.1 ARMA processes and pole-zero models

In time series analysis, the basic building block is a white noise process. Such a process
{en 2 satisfies

E(e,) = 0 (3.1)
E(2) = o° (3.2)
E(epnepnyk) = 0 fork #0 (3.3)

That is, the process has mean zero and variance o2 and the samples are uncorrelated
across time. If

en ~ N(0,0?) (3.4)

also holds, it is a Gaussian white noise process. These specifications are used in defining
three types of processes.

In a g-th order moving average process, denoted MA(q), each new value is a linear
combination of a mean term y and ¢ past values of the noise process:

Sp=p+en+bien_1+bgpo+...+ qun—q (3.5)

11
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In a p-th order autoregressive process, denoted AR(p), each new value is a linear combi-
nation of a constant term ¢, p past values of the process itself, and a noise term ¢,

Sp=c+a15p—1+a8p—2+ ... +apsp_p+ep (3.6)

An ARMA(p,q) process is a combination of AR and MA processes and includes both the
autoregressive and the moving average terms:

Sp=C+a18y—1+ ...+ apSp—p +€n +bigp_1+ ...+ byEn_q (3.7

From equation (3.7) it is easy to see that both AR(p) and MA(q) processes can be obtained
as special cases of an ARMA(p,q) process by setting either b, = 0,1 =1,...,q0r ax =0,
k=1,...,p, respectively.

These processes can be used for modeling wide-sense-stationary signals. In speech sig-
nal processing, only air pressure variations around the average atmospheric pressure are
measured and analyzed; the atmospheric pressure does not have any meaning from the
communication point of view and does not appear in the recorded signal. Therefore the
long term average of the signal is zero and it is natural to set the constant term to zero,
¢ = 0, in equation (3.7). The innovation sequence &, will also be replaced with a more
general input signal Gu,,, where wu,, is an unknown input and G denotes the gain factor.
With these modifications, (3.7) can be written

» q
Sp = Z apSp—i + Gup, + Z biGuy g (3.8)
k=1 =1

A z transform on both sides of (3.8) gives the transfer function of the system generating
the signal as

S(2) _G 1+ 3 bz
U(z) 1—3 0 jagz*
where S(z) and U (z) are the z transforms of the s,, and w,,, respectively.
The ARMA model of equation (3.9) corresponds to a pole-zero signal model. The roots
of the numerator polynomial are the zeros and the roots of the denominator polynomial are
the poles. When H (z) contains only zeros or only poles the model is known as an all-pole
or an all-zero model, respectively. Thus, an AR model is an all-pole model and a MA model
is an all-zero model. Digital filters that realize an all-zero model are FIR filters; filters that
realize an all-pole or a pole-zero model are IIR filters.

H(z) = (3.9)
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3.1.2 Theall-pole model

AR, or all-pole models are particularly well suited for modeling speech signals, because
they are easy to estimate and have a connection to the speech production mechanism. An
all-pole model can be viewed as a digital filter representation of a lossless acoustic tube
model, that is a simplified physical model of the speech production system [24]. The all-
pole model for speech production is expressed in the frequency domain by the system func-
tion
G G

=1 P = A0 (3.10)

which specifies the synthesis filter. This is the IIR filter assumed to have generated the
observed speech signal. The polynomial A(z) in the denominator of (3.10) is the system
function for a FIR filter known as the inverse filter. The term G in the numerator is the input
gain of the synthesis filter model.

H(z) can be equivalently expressed in the time domain by the difference equation spec-
ifying an AR(p) process:

H(z)

p
Sp = Z 0Sn—k + Gup (3.12)
k=1
The autoregressive parameters ai, k = 1, ..., p, are also known as predictor coefficients;
when p latest signal samples are known, the model of (3.11) can be used to form a prediction

3, of the next sample:

p
8= GkSnk (3.12)
k=1

This explains why all-pole/AR modeling is also known as linear prediction (LP) or linear
predictive coding (LPC). The number of predictor coefficients p is the prediction order.

The prediction error or residual e,, is the difference between the actually observed speech
samples s,, and the model-based predictions s,,, according to (3.12):

D
€n = Sp — 8p = Sp — Zaksn_k (3.13)
k=1

From 3.13 it can be seen that e,, is the signal obtained by filtering s,, with the inverse
filter A(z), also known as the prediction error filter. Comparing equations (3.11) and (3.13)
shows that if the model is correct, then e,, = Gu,,.

In the following, speech signal is treated as deterministic and the method of least squares
is applied for solving the model parameters a;. On the basis of equation (3.13), the total
squared prediction error E (with a predictor of order p) can be calculated from
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p
E= Z ei = Z(sn — Zaksn_k)2 (3.14)
n k=1

n

which is minimized with respect to the model parameters by setting

E
oK =0, 1<i<p (3.15)
8ai
Expanding the square in (3.14) and setting the partial derivatives to zero as in (3.15) leads

to a set of equations known as the normal equations [22]:

p
Z ag Z Sn—kSn—i = Z Sndn—i, 1<:<p (3.16)
k=1 n

n

These p equations in p unknowns can be solved to obtain the set of predictor coefficients
{ax}, 1 < k < p, that minimize E. The minimum value for the total squared prediction
error can be shown to be

P
E, = Z si — Z ag Z SnSn—k (3.17)

The range of summation over n in equations (3.14)-(3.17) was left unspecified. The
choice of the range of summation leads to the two basic methods of linear prediction: the
autocorrelation method and the covariance method. These will be discussed next.

3.1.3 Block estimation
Autocorrelation method

In the autocorrelation method, the error in (3.14) is minimized over an infinite interval,
—oo < m < oo. In practice, of course, it is not possible to process an infinite signal.
Furthermore, one is probably only interested in some small interval, say 0 < n < N — 1,
of the signal at a time. Let z,, be the full-length signal of which we only want to process
a small portion s,, starting from the time index m. Let w,, be a length N window function
which is nonzero only for 0 < n < N — 1. A Hamming window is almost always used for
wy,, in this thesis also. We obtain s,, by applying the window function on z,,:

<n< —
Sn:{xm+nwn 0<n<N-1 (3.18)

0 otherwise
Since s, is zero outside the analysis frame, equations (3.16) and (3.17) reduce to

p
> axR(i—k)=R@E), 1<i<p (3.19)
k=1
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and
p
E, =R(0) - > azR(k) (3.20)
k=1
where
N—-1 N—-1
R(i) = Z SnSn—i = Z SnSn—i (3.21)
n=0 n=t

is the short term autocorrelation function for the windowed signal. Taking into account
the fact that R(z) is an even function, R(7) = R(—i), equations (3.19) can be expressed in
matrix form as

RO)  R(1)  R@) ... Rp—1) @ R(1)
R(1)  RO)  R1) ... R(p—2) as R(2)
R(2)  R1) RO ... R(p-3) as | = | R

R(p—1) R(p-2) R(p-3) ... R(0) ap R(p)

or in a shorter form as

Ra=r (3.22)

The autocorrelation matrix R is a Toeplitz matrix: all elements along any diagonal are
equal. It is also a symmetric matrix. Moreover, the right hand side elements are the same
as those found in the matrix on the left hand side. All this special structure allows for an
efficient solution algorithm known as Levinson-Durbin recursion [29]. When processing a
block of N samples, the autocorrelation method using Levinson-Durbin recursion requires
about p N multiplications for computing the autocorrelation matrix and about p? operations
for solving the matrix equations [29]. The total computational cost is thus on the order of
pN + p? [23]. Of course, the computational cost for block estimation methods increases if
the signal is processed in successive overlapping blocks as is usually done in practice.

The Levinson-Durbin recursion also leads to another formulation of the linear prediction
problem, namely the lattice methods. A popular example of lattice methods based on block
processing is Burg’s method [23]. Its efficiency is comparable to the covariance method (to
be discussed next).
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Covariance method

In the covariance method, the error in (3.14) is minimized only over a finite interval,
p<n < N —1. Itisassumed that the signal is available over the interval 0 <n < N — 1.
Equations (3.16) and (3.17) reduce to

p
> akpi =i, 1<i<p (3.23)
k=1
and
p
By =00+ Y akpon (3.24)
k=1
where
N-1
Pij =D SniSn—j (3.25)
n=p

are correlation-like values calculated from the data within the signal frame. In matrix
form, equations (3.23) can be written

Y11 P12 P13 ... Pip al ©10
Y21 P22 @23 -.- P2p az ©20
Y31 P32 Y33 --- P3p as = ©30
Ppl Pp2 Pp3 --- Ppp ap ¥p0

or more concisely as

Also the covariance method matrix is symmetric, since ¢;; = j;, but it is not Toeplitz.
Also, the right-hand-side terms do not appear on the left hand side. The covariance method
equations are usually solved using decomposition methods such as the Cholesky decompo-
sition. This takes on the order of (1/6)p® + (3/2)p? operations [29]. The computation of
the correlation matrix requires about p /N multiplications as with the autocorrelation method.
When processing a single block of N samples, the computational load caused by the co-
variance method is on the order of pN + (1/6)p® + (3/2)p? [23]. It is thus computationally
somewhat less efficient than the autocorrelation method.
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3.1.4 Adaptive estimation

Block estimation methods try to solve the coefficient vector a (equations (3.22) and (3.26))
directly by assuming the signal stationary within the estimation frame. The coefficient vec-
tor can also be estimated in an adaptive fashion. There are many adaptive estimation tech-
niques, but in the present study we shall be concerned only with FIR adaptive filters based
on gradient descent principles. They are computationally efficient, easily controllable in
terms of stability, simple to implement, well understood and discussed in the literature, and
usually perform adequately. Tuning the adaptation rate of these methods is a compromise
between the ability to track rapid changes in signal statistics and the amount of misadjust-
ment, which is the excessive mean square error occurring even after the filter has converged
on a stationary signal [8].

Least-Mean-Square (LMS) algorithm

A direct form (transversal) FIR filter structure has the following type of update equation:

ant1 = a, + Aay (3.27)

where Aa,, is a correction applied to the filter coefficients a,, at time n to form the new
set of coefficients for the next sample, a,+1. The sequence {a,} can be sampled at the
desired times n to obtain estimates for the coefficient vector a.

One FIR adaptive filtering method is based on the popular least-mean-square (LMS)
adaptation algorithm, also known as the Widrow-Hoff algorithm after those who first intro-
duced it in [35]. The LMS approach to linear prediction uses a direct-form filter structure,
whose tap weights are adapted continuously with each incoming sample. The LMS algo-
rithm itself is more general and can also be used in other applications than adaptive signal
filtering, such as designing linear pattern classifiers based on a minimum-squared error cri-
terion [3]. The general LMS algorithm is as follows.

1. At each time n, the coefficients a,, are used to form a prediction of the desired re-
sponse d,, based on the value of the vector process x,:

cin = agwn
2. The prediction error is computed:
en =dp — czn
3. The coefficients are updated based on the prediction error e,

Qpi1 = Qp + penTy
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In the case of linear prediction, the desired response is the signal being modeled, d,, =
sn. In ordinary LP, at time n, the vector x,, contains p past values of the signal: =, =
(8n—1y8n—2y -, Sn—p) " .

It can be shown that the LMS algorithm converges in the mean square for stationary
processes if the step size parameter p satisfies 0 < u < tr(Rg4), where the upper bound is
the trace of the autocorrelation matrix of the signal d,, [7]. Here, we use a variant known as
normalized LMS [7]; in this case the update equation in step 3 becomes
Tn
ant+1 = an + ﬂmen

where £ is the normalized step size with 0 < 8 < 2 and e is a small positive num-
ber to prevent the amount of update from assuming too large values when x,, becomes
small. It can be shown that the normalized LMS algorithm converges in the mean square if
0 < B < 2[7]. The normalization diminishes gradient noise amplification occurring with
basic LMS when the norm of x,, becomes large [7]. In addition, it makes the selection of
the step size parameter a little easier.

Let it be noted that LMS is known to generally not perform well with signals that have
a large eigenvalue spread (the ratio of the largest eigenvalue to the smallest eigenvalue
of the signal autocorrelation matrix) such as speech; transform domain modifications for
alleviating this problem are suggested in [26]. Such techniques are not used here, but in the
experimental part of this thesis it is checked if the situation is any better when the tap inputs
have been transformed by an allpass transform (section 3.2).

LMS is quite efficient computationally; the number of operations requires per sample
is proportional to p and each sample is processed once. The total computational load for
processing a sequence of IV samples is thus on the order of p /N and the cost does not
increase no matter how often the coefficient estimates are sampled.

For more details on LMS and its convergence, see [7] [8] [36].

Gradient Adaptive Lattice (GAL)

The gradient adaptive lattice (GAL) algorithm was first introduced in [5]. It is a FIR adap-
tive filter that uses a lattice structure instead of a direct form structure. Due to the fact that
the lattice filter orthogonalizes the input process, the convergence of the gradient adaptive
lattice filter is typically faster than that of LMS [7]. The gradient adaptive lattice requires
approximately twice as many operations per update than required for LMS. However, like in
LMS, the computational load does not increase if the vectors are sampled more frequently
and the total computational cost is still small in comparison with e.g. the autocorrelation
method with considerably overlapping model estimation frames. For details on the gradient
adaptive lattice method, see [7] [8].
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3.2 Warped linear prediction (WLP)

3.2.1 Frequency warping by an allpasstransform

Frequency warping, as it is perceived, is a transformation from a linear, uniform resolution
frequency scale (Hz) to a nonuniform resolution frequency scale. Frequency warping is
mostly applied to signal models and spectral representations. A straightforward way to
implement the warping is to replace the unit delay elements in a DSP structure with first
order allpass filters, having transfer functions

z7h— X

YR

where —1 < X\ < 1 is the warping coefficient (amount of warping). When the allpass
sections D(z) are arranged in a chain, the allpass chain forms a dispersive delay line with
frequency dependent delays. When X is reduced to zero, allpass sections are transformed
back to unit delays and no warping occurs.

When the warped signal is observed over the tap outputs of the allpass chain, its effec-
tive time window proves to be frequency dependent. Thus, the Fourier transform of the
tap outputs results in nonuniform frequency representation. Similarly, the autocorrelation
over the tap outputs leads to a warped autocorrelation function and can further be used for
block-based linear predictive spectral estimation, in which case the resulting spectral en-
velope model is warped in frequency. By a proper choice of the warping parameter ), the
frequency warping can be made “nearly identical” to the psychoacoustic based Bark scale,
thus optimizing the frequency resolution from the point of view of auditory perception [30].
This thesis is concerned with frequency-warped linear prediction whose frequency scale is
an approximation of the Bark scale.

The phase response of the allpass filter is [12]

= w+t2tan—! (2SBY (3.29)
1—Acosw

D(2) (3.28)

There is a so-called turning point frequency f,, which is the frequency at which the
frequency resolution is unaffected by warping. Below f, the frequency resolution is higher
and above fy, the frequency resolution is lower than in a normal system having uniform
frequency resolution. The turning point frequency in Hz is given by [12]

fip = g—;cosfl(A) (3.30)

where f is the sampling frequency in Hz.
A formula for the coefficient X in the allpass transform that gives a good approximation
for Bark frequency scale has been derived by Smith and Abel [31] (with a typographical
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error in the formula in the article corrected in [12]):

2
YRS 1.0674(;tan’1(0.06583 £5/1000))*/2 — 0.1916 (3.31)

where f, is the sampling rate in Hz.

3.2.2 Conversion of conventional LPto WLP

A more general point of view is appropriate for the discussion of LP and WLP in the rest of
the thesis. Harma [10] has discussed linear prediction with modified filter structures. In this
case the associated inverse and synthesis filters consist of branches with generalized filter
elements Dy (z). The transfer function of the model is

G G
A(z)  1=370_ akDi(2)
The generalized inverse filter of this model is shown in figure 3.1. The network for
solving the coefficients of the generalized model is shown in figure 3.2.

H(z) = (3.32)

Sn Q en
O
Sn
al /
il ®)
D)2 (1 JD
2 N
D@

Figure 3.1: The generalized LP inverse filter (after [10]).

Denote the output of the kth filter element at time instant n by v ,,, so that
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modeled signal
D,(2)
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Figure 3.2: The generalized LP network for computing the model coefficients (after [10]).

Sn k=0
Ykm = §oo (3.33)
Zm:O dgmsn-m 1<k<p

where dj, ,,, is the mth sample of the (potentially infinite) impulse response of Dy/(z).
Then, (3.32) can equivalently be written in the time domain as

p
Sp = Z akYkn + Guy, (3.34)
k=1
A particularly useful situation occurs if each element Dy (z), 1 < k < p, is a cascade of
k identical filters. In this thesis, the filters Dy (z) will always be assumed to be cascades of

first-order allpass filter sections (transfer function given by equation (3.28)) such that

k -1 _
Di(z) =[] % (3.35)

i=1

Because there is no feedback between individual allpass elements, the filter outputs cor-
respond to the outputs of the different stages of an allpass chain. Using the allpass transfer
function (3.28), the cascade analysis model in figure 3.3 represents the allpass chain model.
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modeled signal

D(2)

D(z2)—

WLP coefficients

D(2)

o

Normal equations and solutions

¢

D@)—

Figure 3.3: The cascade network for computing the LP model coefficients.

The individual impulse responses d, ,, are dependent on both the number of allpasses in
cascade before the kth output as well as the value of the warping coefficient .

The process of (3.34) is no longer necessarily an AR(p) process, but instead potentially
an AR(oo) process. It is however obvious that each speech sample s,, can be related by
linear regression to the (p x 1) vector containing the state of the allpass chain, that is, the
instantaneous oUtputs (Y1,n, Y2,n, - - - Yp,n) L - Thus, a similar least squares minimization of
the total squared residual

N-1 N-1 D
E=Y e =Y (sn—) ayrn) (3.36)
n=0 n=0 k=1

as in section 3.1 leads to a set of normal equations given by

p
Z ag Z YenYin = Z SnYin, 1<:<p (337)
k=1 n n

and the minimum total squared error is given by
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P

By=Y"52-> ard snlkm (3.38)
n 1 n

k:
Let it also be noted that substitution of (3.33) in equations (3.37)-(3.38) and changing the
orders of summation leads to

P oo 00 0o
Z ag Z Z dk,mdi,q Z Sn—mSn—q = Z di,m Z SnSn—m; 1<i<p (339)
n m=0 n

k=1 m=0 ¢=0

and

V4 o0
Ey=) s2=> ar Y drm Y SnSn-m (3.40)
n k=1 m=0 n

respectively.

The special case of ordinary LP is achieved by making each D(z) in equation (3.32)
and figure 3.3 correspond to a unit delay element, D(z) = z~!. From the allpass transfer
function (3.28), it can be seen that this is achieved simply by setting A = 0. In this case,
each impulse response dy, ,, is nonzero for only a single sample and thus finite:

1 =
dy = n=Fk (3.41)
’ 0 n#k

From (3.41) and (3.33) it follows that in the non-warped case, yx, = sp—g. Thus,
equations (3.32) and (3.34) are reduced to equations (3.10) and (3.11). Equations (3.39)
and (3.40) are similarly reduced to equations (3.16) and (3.17).

Allpass transforms were discussed in section 3.2.1. By setting |A\| > 0 in (3.28) and
(3.35), a nonlinear frequency mapping occurs. This leads to warped linear prediction
(WLP). In the WLP model, the linear predictor generating the observed samples operates
not on a vector of p past signal values but instead on a sample from another p-dimensional
vector process, obtained from the signal by an allpass transform which effectively warps
the frequency axis.

It is shown in [10] that in the case of warped autocorrelation method, when the residual
minimization is done over an infinite interval, equations (3.37)-(3.38) can be simplified to

p
Y aCli-k)=C(), 1<i<p (3.42)
k=1

and
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p
E, =C(0) - > axC(k) (3.43)
k=1
where
N-1
C(i) = Su¥in (3.44)
n=0

where s,, is the suitably windowed signal. Note the similarity with (3.19)-(3.21) but note
also the difference in the limits of summation in (3.21) and (3.44). This is because unlike
Sn—i» Yi,n 1S NOt guaranteed to be zero outside the interval 1 <n < N — 1.

Substituting (3.33) in (3.44) we see that

[e's) N-1 [e's)
Cli) =D dim Y snsn-m=)_dimR(m) 0<i<p (345
m=0 n=0 m=0

Thus, the signal can also be warped in the autocorrelation domain [32] [21]. In practice,
the warped correlation terms C'(k),k = 0...p can be obtained by multiplying the length
L autocorrelation sequence R(k),k = 1...L —1bya (p + 1 x L) matrix having as ith
row the impulse response of a cascade of i + 1 first-order allpasses. In this form, warping
in the autocorrelation domain requires a large value of L in order to give good results. It is
not discussed further in this thesis.

The warped covariance method equations are given by

D
> arClik) = C(i,0), 1<i<p (3.46)
k=1
and
p
By, =C(0,0) = Y axC(0,k) (3.47)
k=1
where
N-1
C(i,5) = Y Yin¥in (3.48)
n=p

Note again the similarity with (3.23)-(3.25). Actually, there are several possibilities for
the choice of the limits of summation in this case. The definition of equation (3.48) will
be used in this thesis. The choice is rather arbitrary, because according to the present
formulation, y; , can in theory be nonzero for any » > 0 and for all < > 1.
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In summary, the WLP synthesis model can be described as an autoregressive model with
unit delay elements replaced by first-order allpass filters. It was seen that both the autocor-
relation method and covariance method of conventional linear prediction could be warped
by making this modification to the analysis structures. LMS for WLP can likewise be
implemented by replacing the unit delays in the direct form filter (tapped delay line) by
allpasses. Taking a slightly different viewpoint, the WLP synthesis model is viewed as a
linear regression model of the signal samples on vectors containing the states of the allpass
chain, £, = (Y1,n,Y2,ns--- Yp,n) ., and the general formulation from section 3.1.4 is used
to find the coefficients. The warped version of the GAL method is obtained similarly and
has been introduced in [13]. There are, however, certain special techniques for which the
WLP implementation is not as straightforward [12].

The experimental part of this thesis studies the warped versions of the autocorrelation
method, the covariance method, LMS, and GAL.

Linear prediction on a warped frequency scale using the allpass transform was first dis-
cussed systematically by Strube [32]. The technique may prove useful in any digital signal
processing application where emphasizing the spectrum at some frequency range is desir-
able. Perhaps the most relevant frequency scale in speech and audio applications is the
Bark scale. WLP with Bark mapping is a simple way to incorporate a rudimentary form of
auditory modeling in the LP framework. Applications include wideband audio coding [20]
[11] [12] and speech synthesis [19]. Karjalainen [17] has pointed out some system-level
similarities with Bark-WLP and the peripheral auditory system.

3.3 Other auditory speech analysis methods

Models that in some way or another characterize the auditory spectrum are widely used
as analysis methods in automatic speech recognition. This kind of feature generation is
intuitively appealing, as it tries to imitate the way humans recognize speech. It has been
found to improve the recognition accuracy compared to normal spectrum modeling. The
most popular analysis method for speech recognition is based on the cepstrum [2], but with
a nonlinear frequency axis following the Bark of mel scale. The mel-frequency cepstral
coefficients (MFCC) provide a representation for speech spectra which incorporates some
aspects of audition. A common approach simulates critical-band filtering with a set of 20
triangular windows, with different widths and center frequencies, used on the logarithmic
spectrum [27].

The cepstrum is often used as the final feature representation form for LP or WLP mod-
els when they are used in speech recognition front-ends. The LP/WLP models may be
converted into cepstral representations by simple formulas [24]. WLP-derived cepstra com-
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pared favorably against the MFCC, in terms of both the recognition accuracy and the com-
putational requirements, in one limited vocabulary recognition experiment [34].

Hermansky [9] has discussed another approach to incorporate the perceptual aspects in
classical LP analysis. Perceptual linear prediction (PLP) is a rather sophisticated method
that uses not only the critical-band spectral resolution, but also the equal-loudness curve
and the intensity-loudness power law in producing an approximation of the true auditory
spectrum [9]. In comparison, WLP is a straightforward modification of LP that only mod-
els the critical-band spectral resolution. Both the MFCC and the PLP representations per-
formed slightly better than WLP in one continuous speech recognition experiment, but the
differences were not very large [33].



Chapter 4

M easures for evaluating spectrum
models

The purpose in the experimental part of this work is to analyze the behavior of different
WLP estimation techniques with varying inputs and analysis parameters. This is done by
objectively evaluating the quality of the WLP models both in the time domain (prediction
error) and in the frequency domain (modeling of the general shape of the spectrum). A total
of five technical evaluation measures were chosen after careful consideration. They are

o Normalized residual energy, full band (up to the Nyquist frequency), Vx

Normalized warped residual energy, full band (up to the Nyquist frequency), Vi

Normalized residual energy at low frequencies (up to the turning point frequency),
VL

Flatness of the residual spectrum, full band (up to the Nyquist frequency), Fn

Flatness of the residual spectrum at low frequencies (up to the turning point fre-
quency), Fr,

All these measures can be used in both the normal and the frequency-warped case. The
full-band measures Vi and Fx do not account for the frequency warping in any way. The
Viw measure is also computed for the full band of the spectrum, but has been compensated
for the theoretical gain factor in the warped inverse filter mentioned in [12]. The band-
limited measures Vz, and F, use information only up to the turning point frequency of the
allpass transform. It is just this band that is emphasized in WLP.

These measures are next introduced in detail. The notation related to LP/WLP modeling
is the same as in chapter 3.
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4.1 Normalized residual energy measures

411 TheVy measure

The normalized prediction error or normalized residual energy Vi is a traditional perfor-
mance measure for linear prediction [1] [22] [29]. It is also known, usually in a slightly
different logarithmic form, as the prediction gain [15].

First we assume that the model evaluation window is the same as that used for model
estimation. For the unwarped autocorrelation method Vi is then defined as [1] [22]

E 1 &
Vw=—-2=1-——— ayR(k (4.1)
RO~ R 2= RO
and for the unwarped covariance method as [1]
E 1 &
Vn="L=1-—> apco (4.2)
€00 €00 k=1

Thus,Vy is the minimized residual energy (see section 3.1.2) normalized to the energy of
the original signal frame. For the lattice methods, a comparable definition is obtained from
the derivation of the Levinson-Durbin recursion as [22]

/4

Vv =J(0-#) (4.3)
i=1
With the LP residual denoted by e,,, a general definition applying to all techniques is [29]

> on n
Vy==nmn 4.4
V=S (4.4)

provided the limits of summation in both the numerator and the denominator are properly
chosen. Let it be noted that in the ordinary autocorrelation method, the normalized error has
special significance in the frequency domain because the minimum error equals the model
gain squared, E, = G2. As a further consequence, it can be shown that in this case Vv can
be interpreted as the flatness of the model spectrum [22].

The problem is to generalize the above definitions in order to deal with warped linear
prediction. Consider equation (3.34) as a general multiple linear regression model with
observations over some interval in n. All the summations over n in this section are done
over this same interval. The residual from the regression is

p
€n = Sn — Z axYk,n (4.5)
k=1

and the sum of the squared residuals from the order p predictor is given by
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Ey=> e (4.6)

According to multiple linear regression theory, the popular R? statistic for this model can
be expressed as [25]

2 = 4.7
R s, (4.7)
where S, is defined as
Se=>_ st (4.8)
n
for uncentered R? and as
1
_ 2 2

S, = zn:sn — N(zn: Sn) (4.9

for centered R? [6]. If s,, has a mean close to zero, for a large enough N it should not
matter much which definition of S is used. The R? statistic answers to the question, what
proportion of the variability in the observed random variable can be explained by the fitted
regression model? Values of R? near 1 are generally taken as an indication that the model
explains (or predicts) the data well.

Substituting the sum of squared residuals from (4.6) and the uncentered R? from (4.8)
into (4.7), we obtain

By _ Ynen (4.10)
Ss 2nsh

This is the same as the definition of Vjy given by equation (4.4). The normalized error
according to its conventional definition is thus directly related to the goodness of fit of a
regression model to the data. It is therefore readily applicable to the frequency-warped
case, since WLP is also linear regression modeling; however, this measure only measures
the mathematical fit and thus does not reward the inherent frequency weighting in WLP.

Before the Vv measure can be used, the limits of summation in (4.4) (or (4.10)) need
to be specified. Normally, these limits are the same as those used by the least squares
block estimation and are undefined for adaptive estimation. In this thesis, however, we
want to compare different block least squares methods and adaptive gradient methods using
the same criteria. Hence, the summation limits for Vy are determined by the length of an
independently chosen evaluation frame and do not depend on the estimation method in any

Vn=1-R*=

way. The same approach is used for all measures; the evaluation frame is independent of
the estimation frame (which, of course, does not exist for the adaptive methods).
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4.1.2 TheVy measure

This can be thought of as a kind of a warped version of the ¥y measure. In [12], the warped
inverse filter is reported to have an additional gain factor ¢ # 1 not present in the ordinary
LP inverse filter. The existence of the additional gain can be justified by the fact that a
frequency-domain integration of the log magnitude spectrum of the inverse filter results in
zero with ordinary LP [24], but not with WLP unless either the filter coefficients or the filter
output (the residual) are divided by a certain term given by [12]

p
g=1-> ap(-N)"* (4.11)
k=1

In practice, the WLP residual e,, is divided by g before computing the V3 measure by
equation (4.4). Observe that this correction does not affect ordinary LP; because if A = 0,
theng =1 and Vi = V.

In this work, also the spectral tilt caused by the warping was corrected before the com-
putation of Vyy, even though it does not affect a full-band energy measure such as this one.
Correction of the spectral tilt is more important in the computation of the remaining three
measures.

413 TheV; measure

This is a band-limited version of the ¥y measure, in which only information up to the
turning point frequency (given by equation (3.30)) is used. In theory, this means that e,, and
sp inequation (4.4) are replaced by their low-pass-filtered versions. However, first we must
correct for the spectral tilt mentioned earlier. The residual spectrum from WLP is tilted
because of the allpass transform. To correct for this, the residual must be high-pass filtered
by the filter [12]

-l
() = % (4.12)

When computing this measure in practice, after filtering e,, by (4.12) in order to com-
pensate for the spectral tilt, the power spectrum of the resulting signal is estimated by Fast
Fourier Transform (FFT). The resulting spectrum, denoted by E;f is then truncated at the
turning point frequency. The FFT estimate of the power spectrum of s,, is also truncated at
the turning point frequency. Then the band-limited energies of the residual and the original
signal are computed from the truncated power spectra by summation, applying Parseval’s
theorem, and the ratio of the spectral energies is taken as the band-limited normalized pre-
diction error Vp,.
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4.2 Residual spectral flatness measures

421 TheFy measure

The spectral flatness of a signal z,,, whose power spectrum estimate is given by the fre-
quency signal X,,, is defined as [24]

(I_llivleXn)l/N (4.13)

N Zn:l Xn

Here we consider the flatness of the WLP residual spectrum, and we don’t want the
inherent tilt to show up in the measure, so we substitute X,, = EI and use (4.13) to compute
Fy. The flatter the spectrum of the residual, the better the quality of the spectrum model.
Linear prediction tries to whiten the residual spectrum by capturing the important main
structure (e.g. formants) in the model and leaving the irrelevant details (e.g. pitch period
harmonics) in the residual. Thus the residual spectral flatness measures could also be called
residual whiteness measures. Warped linear prediction whitens the residual spectrum more
at some frequency bands than at others.

")l:

422 The F;, measure

Analogous to the relation of Vi and V7, this is a band-limited version of F. The flat-
ness of the residual spectrum is only considered at low frequencies up to the turning point
frequency. In practice, the tilt-compensated FFT power spectrum estimate E{ is truncated
at the turning point frequency and the resulting spectrum is substituted for X,, in equation
(4.13) in order to compute FT..
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Chapter 5

Test setup

This chapter begins the experimental part of this thesis. The main goals of the experiments
were:

1. To determine good analysis parameters for the methods. If the analysis parameters are
improperly chosen, the results may be quite poor. WLP in general differs from ordi-
nary LP in terms of assignment of the poles to signal frequencies. With the emphasis
on the most relevant speech frequencies, systematic WLP model order determination
can be used to make the models as good at these frequencies as ordinary LP. Another
important point is adjusting the adaptation rate of the adaptive techniques to make
their time resolution correspond to block estimation with a given block length.

2. To compare the optimized performance of each of the two less commonly used adap-
tive methods agains the “standard” block methods with different types of speech in-
puts.

The speech material used in the simulations was 10 utterances of Finnish sentences spo-
ken by a male speaker. The material was recorded in an anechoic room with high quality
equipment at a 22050 Hz sampling rate. The material was subsequently manually seg-
mented into phoneme-size units and labeled by a trained phonetician. The phonemic tran-
scription was further refined by assigning separate labels to voiced and unvoiced /h/ and to
the occlusion and burst segments of stop consonants. This transcription was used for di-
viding the speech analysis frames into four nested categories for the purposes of this study:
all frames means all signal frames including silence (all excitation types); speech frames
means frames containing some speech sound (not silence); voiced frames means frames that
contain sounds with voiced excitation; and vowel frames means frames that contain vowels.
The all frames category is the most variable while vowel frames is the most stationary.
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A speech analysis system was built for the purposes of this thesis using Matlab (version
6.0.0.88 (R12)) [14]. In short, the first phase of using the system involves running a script
that computes various acoustic features from speech signals and saves the results and anal-
ysis parameters in a database. This phase does the actual LP/WLP computation and model
evaluation.

The second phase consists of making queries specifying the following:

o identity of the feature (one of the measures from chapter 4)

¢ analysis parameter sets of interest; typically, one parameter is varied and the others
are held fixed

e phonetic content (e.g. all frames, only non-silent frames, only frames containing
voiced speech etc.)

The retrieved data is then summarized e.g. by averaging over all the retrieved different
frames and visualized e.g. by plotting the averaged values of the feature against the varying
analysis parameter. Also more elaborate analysis is possible. The third phase handles
summarization and visualization of the results.

A variety of analysis parameters affects the computation in the first phase. Of these, the
following are relevant in this thesis:

e Sampling rate f5 (16000 Hz or 22050 Hz)
e Warping coefficient X (0 for ordinary LP, see Table 5.1 for Bark-WLP)
o Shift interval between adjacent speech frames (3 ms)

e Linear prediction method (one of autocorrelation, covariance, gradient adaptive lat-
tice (GAL), or least-mean-squares (LMS))

e Linear prediction order p

e Length of the LP estimation frame
e Step size in LMS

e Memory coefficient in GAL

e Length of the evaluation frame

The choice of the sampling rate f, and the warping coefficient A are related. When Bark
scale warping is desired, the optimal A depends on f,. The turning point frequency f;,, as
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Table 5.1: Sampling rate, warping coefficient, and turning point frequency.
Sampling rate f, (Hz) | Warping coefficient A | Turning point frequency f;, (Hz)
16000 0.576 2437
22050 0.646 3048

defined in 3.30 and used in the computation of V, and F7,, depends on both fs and A. Table
5.1 shows the combinations of f,, A, and fy, used in this thesis.

Before any LP or WLP model estimation, the speech signal was pre-emphasized with the
FIR highpass filter

Hy(z) =1—-0.9527" (5.1)



Chapter 6

Data reduction

The short-time speech spectrum can generally be represented as having an average density
of one formant per kiloHertz [29]. Linear prediction tries to model the spectrum using a
given prediction order, which is equivalent to the number of poles in the transfer function.
In ordinary linear prediction, a common rule is that the model should have two poles for
each formant in the signal bandwidth plus a few additional poles. Thus, as a simple rule
of thumb, the optimal number of poles is given by the sampling rate in kiloHertz plus a
small integer, typically 2-4. The additional poles are needed to model the general spectral
shape, mostly due to the spectrum of the glottal waveform and to lip radiation characteristics
[27], as well as to compensate for zeros in the spectrum due to antiresonances occurring in
nasalized and unvoiced sounds.

Warped linear prediction can be used to generate spectral models on an auditory fre-
quency scale. An auditory frequency scale emphasizes those regions of the spectrum car-
rying the most relevant information content of speech, in particular the lowest formants.
The low frequencies are emphasized and the high frequencies are de-emphasized, in terms
of modeling accuracy. Because modeling is concentrated on the perceptually most rele-
vant parts of the spectrum, a lower prediction order can be used in coding and synthesis to
achieve the same perceptual quality as in standard linear prediction [20] [12].

In speech recognition applications, low order feature vectors are desirable because of the
effect known in general pattern recognition as the curse of dimensionality [3]; basically, it
means that the demand for a large number of training samples grows very rapidly with the
dimensionality of the feature space. Another reason for using auditorily motivated spectrum
modeling in speech recognition front-ends is that the warped frequency scale has been found
to give less speaker-dependent feature representations, as was found for the PLP technique
[9]. Although WLP only implements the warping of the frequency axis and none of the
other perceptual aspects found in e.g. PLP, the auditory warping alone is a desirable effect.
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Because the optimal prediction order depends on the sampling rate, low-order spectrum
models concentrating on the perceptually more relevant areas of the spectrum could, to
some extent, be achieved also by simply downsampling the signal prior to the analysis.
This way, however, all of the information from the higher frequency bands is lost. Warping
partially preserves this information.

6.1 Compressing formant information

a) 16 kHz LP20 b) 16 kHz LP10

c) 8 kHz LP10 d) 16 kHz BarkwWLP10

Relative energy (dB)
(o]
(o]

-60
0

Frequency (kHz)

Figure 6.1 Effect of reducing the number of parameters in spectrum models generated by
LP and Bark-WLP for vowel /a/ sampled at 16 kHz.

Figures 6.1 a) and 6.2 a) show ordinary linear predictive spectral estimates for vowels /a/
and /i/, respectively. The 16-kHz sampled signal is modeled using ordinary autocorrelation
LP with prediction order 20. The spectral models, consisting of 20 filter coefficients, follow
nicely the spectral envelopes and show the several formants within the signal bandwidth.

Suppose we want to decrease the number of model coefficients from 20 to, say, 10 while
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a) 16 kHz LP20 b) 16 kHz LP10
20 20

d) 16 kHz BarkWLP10

Relative energy (dB)
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Figure 6.2: Effect of reducing the number of parameters in spectrum models generated by
LP and Bark-WLP for vowel /i/ sampled at 16 kHz.

still retaining the formant structure information. Figures 6.1 b) and 6.2 b) show the spectral
estimates when the number of poles in the LP model is decreased from 20 to 10. The
model quality becomes very poor; some important formants are ignored altogether, while
others are lumped together. This is obviously not a very good way to compress formant
information by using fewer parameters.

Next, we consider downsampling the signal to 8 kHz; since by the order selection rule
given in the introduction to this chapter, prediction order 10 can be considered suitable for
this sampling rate. Figures 6.1 c) and 6.2 c) show the resulting spectral estimates. The
lowest three formants are very well represented, but all information in the spectrum above
4 kHz is, of course, totally lost.

We then consider modeling the original 16-kHz sampled signal using autocorrelation
method of Bark-warped linear prediction with order 10. The results are shown in figures
6.1 d) and 6.2 d). The warped spectrum makes no serious mistakes as case b), yet seems to
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capture the information of formant locations over a wide frequency band better than case

c).

a) 22 kHz LP26 b) 22 kHz LP12
20 20

)
S
>
o
()
c
()
g d) 22 kHz BarkWLP12
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x
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Figure 6.3: Effect of reducing the number of parameters in spectrum models generated by
LP and Bark-WLP for vowel /a/ sampled at 22 kHz.

Figures 6.3 and 6.4 show similar results when a sampling rate of 22 kHz is used.

Figure 6.5 shows the vowels /a/ and /i/, sampled at 16 kHz, modeled using ordinary LP
and Bark-WLP both with order 20. Using such a high prediction order the WLP models
are so accurate in low frequencies that they start to depict harmonics of the fundamental
frequency. Such models are probably too accurate for some applications, such as feature
generation for speech recognition.

The presented examples illustrate some characteristics of Bark-WLP as well as the im-
portance of proper order selection. The latter is discussed in the following section.
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a) 22 kHz LP26 b) 22 kHz LP12
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Figure 6.4: Effect of reducing the number of parameters in spectrum models generated by
LP and Bark-WLP for vowel /i/ sampled at 22 kHz.
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a) /a/ 16 kHz LP20 b) /a/ 16 kHz BarkWLP20

d) /if 16 kHz BarkWLP20

Relative energy (dB)

0 8
Frequency (kHz)

Figure 6.5: Spectrum models of order 20 generated by LP and Bark-WLP for vowels /a/
and /i/ sampled at 16 kHz.
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6.2 Selection of the prediction order

Modeling performance of Bark-WLP with varying prediction order was analyzed. The
goal was to determine some guidelines for the selection of prediction order in Bark-WLP.
The speech material of 10 utterances, sampled at 22 kHz, was processed in frames of 25
milliseconds using a frame shift interval of 3 milliseconds. The autocorrelation formulation
was used in both LP and Bark-WLP for obtaining the ordinary and warped models. For
each frame, the inverse filter was applied to the original Hamming-windowed signal frame
in order to obtain the residual, from which the five performance measures were computed.
For each value of the prediction order, the results were averaged over some very broad
phonetic class based on the manual segmentation and labeling.

Autocorrelation method Bark-warped autocorrelation method
22 kHz, all frames 22 kHz, all frames
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Figure 6.6: Comparison of ordinary LP and Bark-WLP, using the autocorrelation method,
in terms of five performance measures averaged over all frames in speech sampled at 22
kHz.

The left pane in figure 6.6 shows the averaged performance measure curves for normal
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LP when the prediction order was varied from 2 to 30. In this case the values were averaged
over all frames in the material. The right pane shows similar curves for Bark-WLP; the
only measures whose curves improve when moving from LP to Bark-WLP are V7, and F7..
The full-band measures Vi, Vi, F, are all made worse when the processing is warped.
Also recall that the low-band-limited measures Vz, and F, can be expected to be maximally
favorable to WLP because the frequencies considered are exactly those frequencies for
which WLP improves the modeling (up to the turning point frequency).

Autocorrelation method Bark—warped autocorrelation method
22 kHz, speech frames 22 kHz, speech frames
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Figure 6.7: Comparison of ordinary LP and Bark-WLP, using the autocorrelation method,
in terms of five performance measures averaged over non-silent frames (containing speech
sounds) in speech sampled at 22 kHz.

Figure 6.7 shows similar curves when the measures are averaged only over frames con-
taining speech; that is, the silent frames are excluded. In this case, four of the five curves
show deteriorating performance when Bark-WLP is used instead of LP. However, the re-
maining F, measure shows significant improvement in performance. Figure 6.8 shows
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Autocorrelation method Bark-warped autocorrelation method
22 kHz, voiced frames 22 kHz, voiced frames
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Figure 6.8: Comparison of ordinary LP and Bark-WLP, using the autocorrelation method,
in terms of five performance measures averaged over voiced frames in speech sampled at
22 kHz.

very similar results when the averaging is done only over frames containing voiced speech.
By these results it seems apparent that WLP improves the frequency-domain modeling in
low frequencies as expected. The higher frequencies are accordingly modeled much more
poorly. It seems more difficult to notice the benefits of Bark warping in the time domain,
using residual energy measures, than in the spectral domain using residual whiteness mea-
sures.

It is possible to determine a value for the Bark-WLP prediction order for which the mod-
els are as accurate in low frequencies as those generated by ordinary LP using the appropri-
ate prediction order (recall the order selection rule in the beginning of this chapter). This
can be done by examining the Fz, measure in both panes of each of the figures 6.6-6.8 as
follows. First, select the appropriate prediction order from the left pane by the order selec-
tion rule; in this case, 24 to 26 is a good choice. Second, find the corresponding value of F'y,
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which in this case is approximately 0.6 in all three cases. Third, follow a straight horizontal
line to the right pane until the horizontal line crosses the F, curve. Finally, determine the
Bark-WLP prediction order as the prediction order in the right pane for which the F';, mea-
sure assumes approximately the same values as F7, in the left pane using the predetermined
prediction order. It can be concluded that, for a 22 kHz sampling rate, Bark-WLP with
prediction order 10 to 12 gives similar spectral accuracy at signal frequencies 0 — 3048 Hz
as does ordinary LP using prediction order 24 to 26. Thus, given that we are by far most
interested in these low frequencies, a significant reduction in the number of parameters in
the spectral models can be achieved. However, further order reduction is not easily justified.

Autocorrelation method Bark-warped autocorrelation method
16 kHz, all frames 16 kHz, all frames
0.9 ‘ 0.9 ‘
— Yy —+ Yy
+ V|_ -+ V|_
0.8F . Vi § 0.8f Vi §
- - Py
F F
7St 1 o7lLe L |
0.6 g06
> ]
@ ¢ -
[} [}
£05 £05
[} [}
= =
@ IS
£ 0.4 £ 0.4 »
e L
3] 9]
o 0.3 o 0.3
€
0.2 0.2
* .
~ _
0.1f 1 0.1f EEE A S SRR SER R |
0 | | | | | 0 | | | | |
2 6 10 14 18 22 2 6 100 14 18 22
Prediction order p Prediction order p

Figure 6.9: Comparison of ordinary LP and Bark-WLP, using the autocorrelation method,
in terms of five performance measures averaged over all frames in speech sampled at 16
kHz.

Figures 6.9-6.11 show the similar curves for the same speech material downsampled to
16 kHz. In this case the turning point frequency used in the computation of V;, and FJ,
was 2437 Hz. Again, the low frequency band up to that frequency should be precisely the
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Autocorrelation method Bark-warped autocorrelation method
16 kHz, speech frames 16 kHz, speech frames
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Figure 6.10: Comparison of ordinary LP and Bark-WLP, using the autocorrelation method,
in terms of five performance measures averaged over non-silent frames (containing speech
sounds) in speech sampled at 16 kHz.

band for which using WLP is beneficial. Repeating the steps in determining the Bark-WLP
prediction order, the ordinary LP order is first chosen as 18. This leads to choosing 12 as
the corresponding Bark-WLP prediction order. Ordinary LP order 20 leads to 13 or 14 as
the Bark-WLP order. It seems that here, the benefit of using Bark-WLP is less than with
a 22 kHz sampling rate. This is natural considering the relation of the Bark scale to the
frequency scale (figure 2.5); the more the sampling rate (and the Nyquist frequency) de-
creases, the larger is the proportion of the frequencies where the frequency and Bark scales
are almost linearly related. In other words, if the signal is already severely bandlimited
to the important low frequencies, where the critical bandwidth does not vary too much,
an auditory frequency mapping can not improve the representation by emphasizing some
frequencies and de-emphasizing others.
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Autocorrelation method Bark-warped autocorrelation method
16 kHz, voiced frames 16 kHz, voiced frames
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Figure 6.11: Comparison of ordinary LP and Bark-WLP, using the autocorrelation method,
in terms of five performance measures averaged over voiced frames in speech sampled at
16 kHz.



Chapter 7

Adjusting the timeresolution

The WLP spectrum estimation methods discussed in this thesis can be divided into two
main groups: block methods (autocorrelation and covariance methods) and adaptive meth-
ods (LMS and GAL). The block methods use a fixed time window for extracting signal
frames, from which the spectrum estimates are computed. For a given frame shift interval,
the length of the estimation frame determines the time resolution of the resulting time-
frequency representation depicted by the spectrogram. Shortening the window increases
the time resolution, while lengthening the window trades off time resolution for more sta-
ble and robust spectrum estimates.

The adaptive methods discussed in this thesis update the estimates sample by sample.
The adaptation rate parameter determines the speed at which old information is replaced by
new information in the estimate or, in other words, specifies how long memory the adaptive
filter has. The effect of the adaptation rate on the time-frequency representation is inversely
analogous to the effect of the window length in block methods; increasing the adaptation
rate increases the time resolution while decreasing the adaptation rate decreases it.

When conventional block methods of linear prediction are used (pitch-asynchronously),
the time resolution is usually set to 20-30 milliseconds. This avoids excessive modula-
tion by the glottal excitation while still being fairly accurate in both time and frequency.
The goal here is to determine the adaptation parameters of the adaptive methods so as to
achieve a time resolution comparable with that of a block method using a known frame
length. In section 7.1 a simple method is introduced for determining analysis parameter
values corresponding approximately to a fixed block estimation frame length in terms of
the time resolution. As will be seen in section 7.4, this method also enables us to assess
the relative modeling performance of the four WLP methods. The determined parameter
values are given in section 7.2. Section 7.3 includes visualizations (spectrograms) of the
time-frequency representations with different time resolution characteristics.

48
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7.1 A method for determining analysis parameters

Associated with each WLP method discussed in this thesis, there is one relevant analysis
parameter that primarily controls the time resolution by determining either the block size or
the adaptation rate. Each such choice may be thought to lead to some value for the length
of an effective estimation frame (using a rectangular time window), given some modeling
performance measure. The desired length of such time window may be specified by the
length of an evaluation frame; this is just the length of the rectangular window used in
extracting frames from which the five modeling performance measures are computed. Each
performance measure should assume its best values when the effective estimation frame is
roughly the same size as the evaluation frame.

Figure 7.1 illustrates the concept of two independent time frames. The length of the
effective estimation frame is made as closely equal to the length of the evaluation frame as
possible. This is done by choosing an optimal value of the analysis parameter controlling
the length of the estimation frame.

effective estimation frame

WW“] UWWW\JW“\U“JWUM)\Iv“]MJW |

WLP model estimation

L

WLP coefficients

evaluation frame ‘L
WWM WLP model evaluation

Figure 7.1: An illustration of effective model estimation frame and model evaluation frame
taken from the signal.
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More specifically, the WLP residual is first obtained from an evaluation frame by inverse
filtering. The residual is then used, either independently or together with the original signal
frame, in computing the values for the performance measures associated with the frame.
The evaluation frame lengths used in these simulations are listed in table 7.1. The tested
analysis parameter values are listed in table 7.2.

Table 7.1: Length of the evaluation frame in milliseconds.
15 [ 20 | 25 [ 30 | 35 |

Table 7.2: Candidate analysis parameters for four WLP methods.

AUT cov LMS | GAL
frame frame step memory
size (ms) | size (ms) | size coefficient
10 10 0.001 | 0.9795
15 15 0.005 | 0.9820
20 20 0.010 | 0.9845
25 25 0.020 | 0.9870
30 30 0.030 | 0.9895
35 35 0.040 | 0.9920
40 40 0.050 | 0.9930
45 45 0.060 | 0.9940
50 50 0.070 | 0.9950
0.080 | 0.9960
0.090 | 0.9970
0.100 | 0.9980
0.150 | 0.9990
0.200 | 0.9995

For each WLP method and each evaluation frame length, the following is done: first, with
the analysis parameter value fixed, the performance measures are averaged over some set
of frames. Second, the minimum or maximum (whichever corresponds to the best models)
of each averaged performance measure is located over all values of the analysis parameter.
The found parameter values are the recommended “best” values, in order to get the time
resolution given by the length of the evaluation frame, judging by the respective measures.
The found minima and maxima can be used to compare the methods with each other.
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7.2 Choosing the analysis parameters

In this section we determine the optimal analysis parameter for each of the four methods
in order to optimize the overall average modeling accuracy (all signal frames considered).
The results for the block methods are discussed first, although the optimal choice of the
analysis frame size may seem self-evident. This is done in order to verify the method for
choosing the optimal parameter. In addition, the autocorrelation and covariance methods
differ slightly in this respect.

Figure 7.2 shows what happens with each of the five features, computed in five different
time frames, when the WLP analysis frame length is varied in the Bark-WLP autocorrela-
tion method. The best value of each curve is marked with an additional square. It is not
surprising that the curves with a short evaluation frame have their best values when the
WLP estimation frame is also short; conversely, a longer evaluation frame favors a long
WLP estimation frame. The corresponding values for WLP estimation frame length are
given in table 7.3. The values are very close to the length of the evaluation frame which
was used.
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Autocorrelation method, 22 kHz, all frames
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10 15 20 25 30 35 40 45 50
Estimation frame size

Figure 7.2: Effects of varying the estimation frame size of Bark-WLP autocorrelation
method on the model evaluation measures using different-sized evaluation frames.

Table 7.3: Optimum block size (in milliseconds) for the autocorrelation method with 22

kHz sampling rate.

Evaluation frame size (ms)

Measure | 15 20 25 30 35
Vn 20 25 30 35 40
Vi 15 20 25 30 35
Vw 20 25 30 35 40
Fn 15 20 25 30 35
Fy, 15 20 25 30 35

Figure 7.3 and table 7.4 give analogous results for the covariance method of Bark-WLP.
The covariance method favors a slightly shorter estimation frame, which is not surprising
considering the differences in windowing.
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Covariance method, 22 kHz, all frames

10 15 20 25 30 35 40 45 50
Estimation frame size

Figure 7.3: Effects of varying the estimation frame size of Bark-WLP covariance method
on the model evaluation measures using different-sized evaluation frames.

Table 7.4: Optimum block size (in milliseconds) for the covariance method with 22 kHz

sampling rate.

Evaluation frame size (ms)

Measure | 15 20 25 30 35
Vn 15 20 25 30 35
Vi 15 20 20 25 30
Vw 20 20 25 30 35
Fn 15 15 20 25 30
Fy, 15 15 20 25 30

Figure 7.4 and table 7.5 show the results for the GAL method. For e.g. 25 ms resolution,
the memory parameter could be set to 0.993. The effective time window length is quite
sensitive to the value of the parameter. It should be observed that while the optimum values



CHAPTER 7. ADJUSTING THE TIME RESOLUTION 54

for the memory parameter are quite close to unity, it should not be set too near to unity
(meaning too slow adaptation) or the performance may degrade radically.

GAL, 22 kHz, all frames

#| — 15ms

| - 20 ms
% || > 25ms
—+— 30ms
—— 35ms
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—— 30 ms
—— 35 ms

—— 15ms
% -©— 20 ms
—— 25 ms
—— 30ms
—— 35 ms

—— 15ms
-©—- 20 ms
—— 25 ms
—— 30ms
| —— 35 ms

—— 15 ms
-©- 20 ms
—>— 25 ms
—— 30ms

—— 35 ms

0.98 0982 0.984 0.986 0.988 099 0.992 0.994 0.996 0.998
Memory parameter

Figure 7.4: Effects of varying the memory parameter of the Bark-WLP GAL method on the
model evaluation measures using different-sized evaluation frames.

Table 7.5: Optimum memory parameter for the GAL method with 22 kHz sampling rate.

Evaluation frame size (ms)

Measure 15 20 25 30 35
Vn 0.9895 0.9920 0.9930 0.9930 0.9940
Vi 0.9895 0.9920 0.9920 0.9930 0.9940
Vi 0.9895 0.9920 0.9920 0.9930 0.9940
Fy 0.9895 0.9920 0.9930 0.9940 0.9940
Fr, 0.9920 0.9920 0.9930 0.9940 0.9940

Finally, figure 7.5 and table 7.6 show the results for LMS. The curves resemble the in-
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verted versions of the GAL curves. While the optimum value for the update step size
parameter is quite small, it must at the same time be large enough to allow the filter to track
the time-varying signal statistics. For a 25 ms window, the step size could be set to 0.06.

LMS, 22 kHz, all frames

|
0.1 0.15 0.2

Update step size

Figure 7.5: Effects of varying the update step size parameter of Bark-WLP LMS method
on the model evaluation measures using different-sized evaluation frames.

Table 7.6: Optimum update step size for the LMS method with 22 kHz sampling rate.

Evaluation frame size (ms)
Measure | 15 20 25 30 35
Vi 0.07 0.07 0.06 0.05 0.05
VL 0.10 0.10 0.09 0.08 0.08
\%7% 0.08 0.07 0.06 0.05 0.05
Fy 0.08 0.08 0.07 0.06 0.06
Fp, 0.07 0.07 0.06 0.06 0.05
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For reference, tables 7.7 and 7.8 show the optimized adaptation rate parameters for GAL
and LMS, respectively, when the sampling rate is 16 kHz.

Table 7.7: Optimum memory parameter for the GAL method with 16 kHz sampling rate.

Evaluation frame size (ms)

Measure 15 25 30 35
VN 0.9895 0.9895 0.9920 0.9930 0.9930
Vi 0.9895 0.9895 0.9920 0.9920 0.9930
Vw 0.9895 0.9895 0.9920 0.9930 0.9940
Fn 0.9895 0.9920 0.9920 0.9930 0.9940
Fy, 0.9895 0.9920 0.9920 0.9930 0.9930

Table 7.8: Optimum update step size for the LMS method with 16 kHz sampling rate.
Evaluation frame size (ms)

Measure | 15 20 25 30 35
VN 0.08 0.07 0.06 0.05 0.04
VL 0.07 0.07 0.06 0.06 0.05
Vi 0.08 0.07 0.06 0.05 0.04
Fn 0.10 0.08 0.07 0.07 0.06
Fr, 0.08 0.08 0.07 0.07 0.06
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7.3 Example spectrograms

This section shows spectrograms generated by the WLP techniques. First, figure 7.6 shows
what may happen if the analysis methods are not tuned properly. Each spectrogram depicts
the same utterance of the Finnish sentence *Vaaré ksylofonivirtuoosi nuutuu haatélaeissa’.
Panes a) and b) show the results of the autocorrelation method with 50 ms and 10 ms
estimation frame, respectively. The former is fairly good in voiced speech, but may smear
or distort the phone boundaries with abrupt changes. On the other hand, the 10 ms analysis
results in some noise in the spectrogram. Panes c¢) and d) of figure 7.6 show the GAL
method with two adaptation parameters 0.9995 and 0.9795. The former leads to extremely
slow adaptation and a spectrogram that is totally unacceptable for most practical purposes.
The latter leads to fast adaptation and produces a spectrogram that is even more noisy than
the one in pane b).

Spectrograms for the same utterance produced by methods optimized for 15 ms, 25 ms,
and 35 ms frames are shown in figures 7.7, 7.8, and 7.9, respectively. Each figure shows the
spectrograms obtained after tuning each of the four methods to best approximate the frame
size in question. Overall, there are not very big differences between the block methods and
GAL. LMS is of poor quality also by this visual inspection. There are also not very big
differences between 15 ms and 35 ms resolutions; however, the former is somewhat more
noisy as could be expected. The 15 ms frame may be a bit too short for high quality speech
analysis. Also classic LP literature says that, at least for the autocorrelation method, the
estimation frame should contain at least two pitch periods.

A close look at the spectrograms shows that GAL may have minor problems in rapid
transitions from speech to silence; the silence regions tend to be narrower than in the au-
tocorrelation and covariance methods, even though the adaptation rate is optimized. Es-
pecially the low formants may be sustained in the models longer than they should. This
behavior is apparent especially with slower adaptation rates (figures 7.8 and 7.9). A natural
explanation of the phenomenon is that speech contains both abrupt and gradual changes in
both the excitation source and the vocal tract filter, and it may be impossible to capture all
the transitions perfectly with a constant adaptation rate. The block methods, on the other
hand, have no memory beyond the analysis frame and can immediately “adapt” to new
conditions as soon as the analysis frame size allows. A potential problem associated with
this observed behavior of the GAL method is that it distorts the phone boundaries and may
make the occlusion parts of stop consonants too short for reliable recognition.
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A) Autocorrelation method, estimation frame 50 ms

Frequency

y i |
| ke LY ml!llmmy My W‘W ik
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Figure 7.6: WLP spectrograms generated by analysis methods with non-optimal tuning
for phone separation: A) autocorrelation method with a long 50 ms estimation frame, B)
autocorrelation method with a short 10 ms estimation frame, C) GAL method with a very
slow adaptation rate, D) GAL method with fast adaptation.
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Autocorrelation method, estimation frame 15 ms

Covariance method, estimation frame 15 ms

@ T T

Frequency

Figure 7.7: WLP spectrograms generated by autocorrelation, covariance, GAL, and LMS
after optimal tuning of the methods to approximate a 15 ms time frame.
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GAL, memory coefficient 0.9930
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Figure 7.8: WLP spectrograms generated by autocorrelation, covariance, GAL, and LMS
after optimal tuning of the methods to approximate a 25 ms time frame.
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Frequency

Figure 7.9: WLP spectrograms generated by autocorrelation, covariance, GAL, and LMS
after optimal tuning of the methods to approximate a 35 ms time frame.
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7.4 Comparison of WLP techniques

In this last section the viewpoint is that of comparing the relative modeling performance of
the four methods after they have been optimized for model evaluation windows of different
lengths. The results were averaged over different broad phonetic categories. The results
are represented graphically in figures 7.10-7.14, with each figure representing one of the
five performance measures. As was seen in chapter 6, each performance measure depicts
different features of the models’ fit to the data.

Each pane in each figure represents averaging over different sets of speech sounds. All
frames and speech frames are the most difficult categories for the adaptive methods, since
these sound categories may include rapid transients during e.g. stop consonants. Voiced
frames includes sudden changes in the vocal tract filter (e.g. sudden opening of the main
vocal tract at the end of a nasal consonant). Vowel frames is the easiest to track since it
contains no abrupt changes, just slow gradual changes in the formant frequencies.

All five performance measures tell more or less the same. When analyzed this way, the
block methods are better than the adaptive methods. LMS is the worst in all cases, as could
be expected. GAL is slightly less accurate when all frames are considered, but comes close
to the block methods when we focus on the more stationary parts of the speech signal.
Apparently, the slow adaptation required for optimally small misadjustment during these
stationary segments is perhaps too slow for rapid changes occurring e.g. with stop conso-
nants. Not surprisingly, the results seem to support a claim that a simple adaptive gradient
method, such as GAL, can not achieve a total modeling performance exactly comparable to
the block methods; at least not using a constant adaptation rate.

The normalized residual energy measures Vi, Vi, and Vi, achieve similar minimum
values in evaluation windows of different lengths. The residual whiteness measures F'y
and Fr,, when maximized with respect to the analysis parameter, show better modeling
performance in shorter time windows. This behavior is especially apparent with F'7,, when
only the lowest frequencies are considered.
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Figure 7.10: Best achieved average Vy, as a function of the evaluation frame length, for
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Figure 7.13: Best achieved average F'y, as a function of the evaluation frame length, for
four phonetic categories.
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Figure 7.14: Best achieved average FT,, as a function of the evaluation frame length, for
four phonetic categories.



Chapter 8

Conclusions

The theoretical part of this thesis offered a treatment of the basic aspects of linear predic-
tion (LP) and warped linear prediction (WLP) especially in the scope of speech spectrum
analysis. Objective model quality evaluation measures were also introduced, some of them
devised specifically for the purposes of this thesis, and their properties explained.

The different aspects portrayed by the different model evaluation measures were shown
in practice by comparing a standard Bark-scale WLP technique with an ordinary LP tech-
nique. As an important result, objective criteria were used to select the model order of Bark-
WLP so that the average model quality at the relevant formant frequencies corresponds to
conventional LP. Because the used criteria were maximally favorable to WLP, prediction
order 10 can be regarded as a lower bound for accurately modeling a 22 kHz speech signal
using Bark-WLP.

Next, this thesis discussed adjusting the temporal behavior of four WLP techniques: au-
tocorrelation method, covariance method, gradient adaptive lattice, and least-mean-squares.
A method was introduced for tuning the temporal resolution of a speech analysis method
and verified on the block estimation methods (autocorrelation and covariance); as expected,
the chosen WLP analysis frame size had a clear correspondence with the predefined eval-
uation frame size. Then the method was applied to determining the optimal adaptation
parameters in the two adaptive estimation methods (GAL and LMS). This is another im-
portant result, since as was illustrated, poor selection of the adaptation parameter may lead
to very poor results and the behavior of the adaptive methods can be quite sensitive to the
value of this parameter.

Finally the four methods, with properly adjusted prediction order and temporal resolu-
tion, were compared with each other in terms of relative performance in different phonetic
contexts. Block estimation methods are more accurate than the adaptive methods. Without
appropriate signal transforms or other modifications, LMS is not the best possible method
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to use in speech analysis as could have been expected. The allpass transform does not
help the situation. Because of its simplicity, LMS may still be an useful starting point for
developing more suitable methods. By optimizing the adaptation rate with respect to the av-
erage performance, as was done here, GAL produces models whose quality is comparable
to the block methods especially in relatively stationary regions in speech such as vowels.
However, if good time resolution with e.g. the occlusions of stop consonants is essential,
one should consider either a faster-adapting method or some way to automatically adjust
the adaptation rate. Nevertheless, each method may be useful in certain applications de-
pending on the requirements on e.g. spectral resolution, time resolution, filter stability, and
computational effectiveness.
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