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The purposeof this paper is to discusstheoretical, as wellas psychophysical,
aspects of using the Itakura-Saito type of measuresfor evaluating the quality
of coded speech. We present psychoacoustic interpretations of the measures
and identify their effectiveness as well as limitations within the theoretical
framework of a generalized waveform coder distortion model. The discussions
then point out some specific issues to be resolved through psychoacoustic
research effort.

I. INTRODUCTION

A "good" speech quality measure is central to progress in the
research and development of speech processing systems. In speech
coding, for example, we need a quality measure to provide insight into
different distortions that are present in a coder output. If such a
measure existed, it would help speech researchers identify how various
kinds of distortions could be traded in order to improve the perceptual
performance of the speech coder. In an engineering context, a measure
that indicates the perceptual quality is a criterion to be optimized in
speech coder design. Without such a measure, tuning coding schemes
to achieve optimal quality is not a trivial task and the performance
cannot be conveniently evaluated.

Speech quality assessment, however, involves subjective, psycholog­
ical attributes of human perception, an area in which mathematicians
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and engineers are usually not well versed. Thus, speech quality eval­
uation has never been established satisfactorily in mathematical terms.
The conventional signal-to-noise ratio (s/n), widely used in character­
izing signal transmission/reception environments, is an ineffective
measure of speech quality. Several other measurement methods and
parameters, such as the isopreference method' and the subjective
s/n,2 have been proposedduring the last two decades. General surveys
of classical approaches can be found in Refs. 1 and 3. Reference 2 and
its references also provide a summary of past efforts. Among these
approaches, one particular class of measures based upon the Itakura­
Saito measure has attracted engineers and scientists taking an analyt­
ical approach toward the problem. The Itakura-Saito measure and its
variations, such as the Itakura or log likelihood ratio measure' and
the likelihood ratio measure," have been employed in noise studies by
Sambur and Jayant;" in vocoder designs by Juang et a1.7 and Wong et
al.;" in automatic speech recognition by Itakura" and Rabiner;" and
as quality measures by Goodman et al.," Crochiere et aI.,12 and
Barnwell et al."

Although successful applications of this class of measure are wide­
spread in speech processing, none of them comes close to being justified
as the speech quality measure. This paper attempts to identify the
effectiveness as well as limitations of using this class of measure for
speech quality within the theoretical framework of a generalized
waveform coder distortion modeI.14.15 We will further point out that
such limitations also exist in current automatic speech recognizers
that rely upon spectral matching. We then present some considera­
tions relating to psychoacoustic studies, aiming at a better understand­
ing of the fundamental concepts of speech quality in the presence of
spectral distortion. These considerations will help direct future rele­
vant psychoacoustic experiments for studying the dynamics of speech
perception.

II. PRELIMINARIES

Let s(i) and s'(i) be two sampled speech signals, and let xn(i) and
x~(i) be two windowed segments, or frames, of s(i) and s'(i), respec­
tively. Segments xn(i) and x~(i) are obtained by applying a window
function w(i), with w(i) = 0 for i < 0 and i ~ N, to the speech signals
at instance n; in particular,

and

xn(i) = w(i)s(i + n)

x~(i) = w(i)s'(i + n).

(1)

(2)

The windowing operation greatly facilitates using spectral represen-
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tations for speech analysis because speech is considered as a quasi­
stationary signal. We denote the z-transform of xn(i) and x~(i) by
Xn(z) and X~(z), respectively. The Fourier transform is obtainedby
evaluating the z-transform on the unit circle, i.e., z = e'", and thus the
notations Xn(e jOl) and X~(ejOl) are used to designate the Fourier trans-

.form of two windowed signals, respectively. For every such pair of
spectral representations, Xn(e jOl) and X~(ejOl), a spectral distortion
p[Xn, X~] can be defined to measure the dissimilarity between Xn(e jOl)

and X~(ejOl). In speech analysis, one particularly interesting distortion
measure is the Itakura-Saito measure, which is defined as

where

l
~ d

pIS[Xn, X~] ~ [eA(Ol) - A(w) - 1] 2
w

,
-~ ~

(3)

(4)

This mathematically tractable distortion measure has been success­
fully employed in vocoder designs." Detailed analytical properties of
the measure can be found in Refs. 4 and 5.

It has been shown in short-time Fourier analysis that a signal can
be reconstructed from a properly time-sampled sequence of short-time
Fourier transforms." We can, thus, further represent the two signal
sequences, s(i) and s' (i), by their corresponding short-time spectral
sequences. Using $ to denote the reconstruction process,

{s(i)l = .. $ X(n-l)/(Z) $ Xnl(z) $ X(n+l)I(Z) $ .. = $ Xn(z), (5)
n

and

{s'(i)\ = .. $ X{n-l)/(Z) $ X~I(Z) $ X{n+l)/(Z) $ .. = $ X~(z). (6)
n

In the above l is the underlying interval for short-time Fourier analysis
and has been dropped in the final expressions without ambiguity. Such
a representation allows us to characterize the dissimilarity between
s(i) and s' (i) in terms of distortion measures obtained from short­
time spectral representations. A distortion sequence between two
speech signals is then defined as

p[s(i), s'(i)] = {Pn\, (7)
where n is, as in (1) and (2), the frame index designating the window
location, and

Pn = p[Xn, X~].

We will call Pn spectral distortion and {Pn\ a distortion sequence.
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Extending the definition (3) to (7), then, we have a sequence of
Itakura-Saito distortions.

The Itakura-Saito distortion measure defined by (3) and (4) is in
fact the distortion measure for all-pole signal modeling; it was origi­
nally introduced as an error-matching function in maximum likelihood
estimation of autoregressive spectral models." Therefore, we shall
confine ourselves to the analysis of Mth-order all-pole signal models
despite the fact that a distortion measure could be more general.
Several important results of the measure related to all-pole signal
modeling are:

1. PIS[Xm un/An] = (an/u~) + log U~ - log an,ex> - 1, (8)
where

an ~ r" 1Xn(e jW) .An(ejW) 12 d
2

w ,J-.. 7r

an,ex> ~ exp {l: log 1Xn(e jW)
1

2 ~;} ,

o« is a scalar, called the gain term, and
M

An(z) = 1 + L ai,nz-i•
i=1

2. PIs[un/An, u~/A~]

u~ r" I A~(ejW) 12 dw 12 2
= U~2 L .. 1An(ejW) 12 27r + log Un - log Un - 1,

which reduces to
I r" 1A~(ejW) 12 dw

PIs[un/An, un/An] = J_.. 1An(ejW) 12 27r - 1

= PIs[l/An, l/A~]

(9)

(10)

(11)

(12)

(13)

(14)

when the gain terms are identical. A~(z) takes the same form as An(z)
in (11). In the above expressions, we have assumed that An(z) and
A~(z) have all their roots within the unit circle. Therefore;"

l .. . ~ l" . ~log 1An(eJW) 12 - = log 1A~(eJW) 12 - = O.
-.. 27r -.. 27r

For clarity, we further define the likelihood ratio measure and the
log likelihood ratio (or Itakura) measure as follows:

1. Likelihood ratio measure? PLR[Xn, X~],

[X X'] f),. [~~].PLR m n = PIS An' A~ ,
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2. Log likelihood ratio (Itakura) measure,"

[X X'] t;. [~ilPI no n = PIS ~n' ~~

= log ~:). (15)

In defining the above two measures, An(z) and A~(z) are the optimal
Mth-order inverse filters of Xn(z) andX~(z), respectively.18 Further­
more,

(16)

and

(17)

Note that Q.n is the minimum Mth-order prediction residual energy
pertaining to signal Xn(z).

The Itakura-Saito distortion between the input and output signals
of a linear system H(eiw) can be easily calculated. Denoting the input
power spectrum as 1Xn(eiw) 1

2
, we have the output power spectrum

IX~(eiw) 12 = 1X(eiW)H(eiw) 12• Therefore,

A(w) = log 1Xn(eiw) 12 - log 1Xn(eiW)H(eiw) 12

= - log I H(eiw) 12, (18)

and hence,

f" [ 1 . 2 ] dw
PIS[Xn, X~] = J_.. IH(eiw) 12 + log 1H(eJW) 1 - 1 211"'

Of particular interest here is a class of H(eiw) of the form

. An(eiw)
H(e

JW)
= Bn(eiw) ,

(19)

(20)

where An(z), as defined above, is the optimal Mth-order inverse filter
of Xn(~ and Bn(z) is another Mth-order Finite Impulse Response
(FIR) filter, taking the same form as (11). We also assume that ~n(Z)
and B; (z) both have all their roots within the unit circle. The input/
output relationship of the system is illustrated in Fig. 1. Since ~n(Z)

is the optimal Mth-order inverse filter of Xn(z), En(z) is then the
residual signal. X~(z) is obtained by driving another all-pole filter 1/
Bn(z) with such a residual signal. The distortion between Xn(z) and
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Enlzl -\_. llBn (z l

----

X',,(z)-
Fig. I-A particular class of linear system in which ~n(Z) is the optimal Mth-order

inverse filter of Xn(z).

X~(Z) under this condition is thus

(21)

which is determined by the two all-pole filters, and has the same
expression as the likelihood ratio measure of (14). This result gives us
a convenient means of modifying a signal in order to achieve a
prescribed distortion level from the original signal. Detailed discus­
sions in Section IV are based upon this concept. It is, however,
important to note that in eq. (21), Bn(z) is not unique, and is not
necessarily the optimal Mth-order inverse filter of the output signal
X~(z). It is simply stated that within the Mth-order autoregressive
model framework, a prescribed Itakura-Saito spectral distortion can
be obtained from a given signal through proper filtering operations,
which will be convenient to realize.

III. A WAVEFORM CODER MODEL

Figure 2 shows a block diagram of the waveform coder distortion
model used by Crochiere et al. for an interpretation of the log likelihood
ratio measure." This coder distortion model is composed of a time­
varying linear filter h(i), to model the "linearly correlated" distortions,
and an additive noise source q(i), to account for the nonlinear, uncor­
related distortions in the coder. Since the model attempts to split the
components of distortion, it was expected that distinctively different

x(i)

,---A WAVEFORM CODER---1
I;, IH H(z) I -0-1
I / 1 i

q(i)

Fig. 2-Waveform coder distortion model.

x'(i)
•
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xU)

1/&

q(iI 1/.,fg'

L---COOER MODEL---J

v'(i)

IIv'(i)1I = f3'
lIu'(illl = 1

u'(i)

Fig. 3-Measuring coder performance with the likelihood ratio in a forward manner.

perceptual effects could be meaningfully studied separately with such
a model.

Measurement of the coder performance with the likelihood ratio
measure is shown in Fig. 3, which introduces the notion of inverse
filtering. We use the likelihood ratio measure, rather than the Itakura­
Saito measure, because we try to avoid, in the following discussions,
extra complications in speech quality measurement due to amplifica­
tion or attenuation. We follow the notation of Section II, except that
the subscript indicating the frame index has been dropped, since, for
most of the subsequent expressions, signal stationarity is assumed.
We shall reinstate the .frame index wherever necessary. The two
parameters, a and a', are defined as in (17) by

and

~ = f"J_" (22)

(23)

where A(z) and A' (z) are the optimal Mth-order inverse filters of X(z)
and X'(z), respectively. In other words, a and a' are the minimum
Mth-order prediction residual energies corresponding to x(i) and x'(i)
sequences, respectively. The energy of v' (i), denoted by (j', is then

(j' =.! f" I X(ejW)A' (ejW) 12 dw . (24)
a J_" - 211"

The energy of u'(i), on the other hand, is unity due to the normali­
zation factor 1/~' and eq. (23). The energy ratio of the two filtered
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signals, v'(i) and u'(i), is then equal to (3'. By substituting (22) into
(24), we have

(25)

(26)

The right-hand side of eq. (25) is the so-called likelihood ratio, and it
can be reduced to

,_ r" 1A' (ejW)
1

2 dw
(3 - J-" 1~(ejW)12 211"

since both A(z) and A'(z) are Mth-order FIR filters, and the first
M + 1 autocorrelation coefficients of the l[x(i)]/~l sequence are
equal to those of the impulse response of l/£1(z).-Therefore, the
likelihood ratio measure of (14) can be expressed in terms of the energy
ratio of the two filtered outputs, v' (i) and u' (i), and

= (3' - 1. (27)

Alternatively, we may replace the filter £1'(z) by £1(z), the inverse
filter of the x(i) sequence, as shown in Fig. 4. In such a case, the
energy of u(i), denoted by 'Y, is the likelihood ratio, and the distortion

1/~

xli)

q(i) I
L---COOER MODEL--J

vIi)

Ilu(illl =Y

IIv(i)1I = 1

u(i)

Fig. 4-Measuring coder performance with the likelihood ratio in a backward manner.
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measurement is accomplished in a reversed direction, i.e.,

=-y-1. (28)

(29)

(31)

The interpretation of the log likelihood ratio as a coder performance
measure by Crochiere et al. follows the comparison order of eq. (28).17
More specifically, the measure they discussed was log -y, instead of
-y - LlThe difference between the log likelihood ratio measure and
the likelihood ratio measure may be insignificant in terms of measure­
ment. However, the likelihood ratio measure of eq. (14) appears to
correspond more closely to the Itakura-Saito measure in representing
the distortion relationship between the input and output signals of a
particular class of linear systems. This was shown in eq. (21).

We now express the measures within the coder model. Referring to
Fig. 2 and denoting the Fourier transforms of h(i) and q(i) by H(eiw)

and Q(e iw), respectively, we have

X'(eiw) = X(eiW)H(eiw) + Q(eiw).

Furthermore, since x(i) and q(i) are uncorrelated,

1X' (eiw) 12 = 1X(eiW)H(eiw) 12 + 1Q(e iw) 12• (30)

For simplicity we assume that H(z) does not have poles and zeros on
the unit circle. From (24), the likelihood ratio distortion measured
from Ix(i)! to Ix'(i)1 is thus

PLR[X, X'] = {J' - 1

1 1" IA'(e
iW) 1

2

= - -. IIX'( i W )12
~ _.. IH(eJW)1 2 e

- IQ(e iw) 121 ~: - 1.

On the other hand, the distortion measured from Ix'(i)! to Ix(i)1 is

PLR[X', X] = -y - 1

= :' 1: IIX(eiW)H(eiw) 12 + 1Q(eiw) 121

.IA(eiw) 12 d
2

W - 1.
- 1r

(32)

Note that Q(e-iw) is the complex conjugate of Q(e iw) since q(i) is real.
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Different distortion components of the coder may be decoupled in
the following way:

1. Additive noise distortion, Pa, is defined when there is no corre­
lated spectral distortion, i.e.,

plj) = PLR[X, X'] 11H(e.i"')1=1

= 1:. f" IA'(eiw) 1211 X' (eiw) 12 _ 1Q(ei w) 121 dw - 1
ex J_" - 211"

(33)

and

p~b) = PLR[X', Xl 1IH(e.i"') 1=1

= ~ f" 14(ei w) 12 lIX(ei W) 12 + IQ(eiw)12} dw - 1
ex J_" 211"

ex 1 1" . . 2 dw= -, - 1 +, IA(eJW)Q(eJW) I -.
ex ex -" 211"

(34)

(35)

In the above, the superscripts, f and b, denote the forward and
backward measurements, respectively.

2. Correlated spectral distortion, Pc, is defined when the additive
noise component vanishes, i.e.,

p~f) ~ PLR[X, X'] 1Q(e.i"')=o

= 1:. f" 1X'(eiW)~'(eiW) 1
2 dw _ 1

~ L" 1H(eJW)
1

2 211"

and

(b) t:. [X' X] 1 .Pc = PLR , Q(eJ"')=o

1 1" . . . 2 dw= , IX(eJW)H(eJW)A(eJW) I - - 1.
ex -" - 211"

(36)

The above decomposition of the measure into additive noise and
correlated spectral distortions provides a helpful means in cross­
verification between the measure and many known perceptual attri­
butes. In the following we shall discuss the merits as well as limitations
ofthe above measure in measuring the perceptual quality of waveform­
coded speech signals. Such discussions point to some necessary psy­
chophysical experiments for a closer link between objective and sub­
jective measures.

1486 TECHNICAL JOURNAL, OCTOBER 1984



3.1 Additive noise distortion
The key contribution of the uncorrelated additive noise, q(i), ap­

pears in the integral terms in (33) and (34). Let us consider (34), where
the integrand involves the inverse filter ~ (z) for the input speech
signal.

The integral

is minimized subject to the constraint

r" 1Q(e jW) 12 dw = r;.L, 211"
(37)

where Pq is a constant, when ~(z) is the optimal (Mth-order) inverse
filter of the q(i) sequence. In other words, for a given noise power, the
integral is minimized if the noise has the same spectral shape as the
input speech, within the Mth-order autoregressive signal modeling
framework. This appears to be in very good agreement with the results
of auditory masking that has been proposed as a method for improving
the perceived quality of digitally encoded speech.19,20 The same obser­
vation can also be made on (33), where the integrand involves ~'(z)

instead of ~(z). ~'(z) is the optimal Mth-order inverse filter of the
encoded output sequence x'(i). If q(i) is truly uncorrelated with x(i)
(recall that 1H(e jW) 1 = 1 here) and has the same spectral shape as
x(i), then ~'(z) is, in fact, identical to ~(z). However, when exact
shaping of noise spectra is not achievable (as in most practical coder
systems), (33) and (34) lead to significantly different distortion mea­
surements since g" involves ~'(ejW), which demonstrates attributes of
Q(e jW). The following example illustrates the difference between the
forward and the backward measurements.

Consider two signals, one being tonelike and the other being white
noise. These two signals are represented in terms of second-order all­
pole models as 1jA t (z) and 1jAw (z), where

At(z) = 1 - 1.2726 Z-l + 0.81 Z-2 (38)

and
(39)

The two roots of At(z) are 0.9 e±M4, which indicate a resonance at
11"j 4 normalized frequency or at 1000 Hz when the sampling frequency
is 8000 Hz. These two all-pole models have corresponding reflection
coefficient vectors !it and !iw:18

~~ = [ktlkd = [-0.7 0.81] (40)
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and

Using eq. (7) of Ref. 7,

[~ ~] _ (kw1 - ktl ) 2( 1 + kw2) 2

PLR At' Aw - (1 - k~l)(1 - kM

(kw2 - kd 2

+ I k 2 ,- t2

(41)

(42)

(44)

we can easily calculate the distortion in each direction and obtain

PLR [~t' ~J = 4.7 (43)

and

PLR [~w' ~J = 2.26.

Clearly, if measured in the forward direction, when an input tonelike
signal is being distorted into white noise, the distortion is higher than
vice versa. The result is reversed if the distortion is measured in the
backward direction; that is, distorting an input noise signal into a
tonelike signal will result in a more serious objective distortion mea­
surement than distorting a tone-like signal into white noise. Previous
studies in auditory masking demonstrated a similar asymmetry of
masking between tone and noise.21- 23 In particular, it has been reported
that noise masks a tone more effectively than a tone masks noise. A
I-kHz tone masked by noise that is one critical band wide typically is
inaudible at a signal-to-masker ratio of -4 dB, while the corresponding
ratio for noise signal masked by tone is approximately -24 dB.24 In
other words, it is easier to perceive noise in a tone than it is to perceive
a tone in noise. For an objective measure to consistently predict the
perceived quality, we thus would require that such a measure show
higher distortion when the input tone is corrupted by noise and that
it show lower distortion when input noise is distorted by an additive
tone signal. Despite the slight difference between masking and distor­
tion, forward measurements of (33) thus appear to be more justifiable.
More rigorous psychoacoustic studies are obviously very important in
carefully resolving this measurement direction issue.

3.2 Correlated spectral distortion
Compared to additive noise, correlated spectral distortion has not

been as well studied in the past, but it is a key factor affecting the
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perceived quality. One well-known example is that "telephone speech",
which is essentially bandlimited to the range of 206 to 3200 Hz, is
considered to be of poorer quality ana of lower intelligibility than the
unfiltered original speech. Since correlated spectral distortion can be
a result of the filtering operation, we shall discuss it using linear
filtering concepts.

Linear systems can be categorized into time-invariant and time­
variant systems. Accordingly, correlated spectral distortion can be
time-invariant or time-variant as demonstrated in eq. (19), where the
correspondence between the filtering operation and the distortion
measure was established. The above-mentioned bandpass filtered
speech signals, such as telephone speech, have essentially a time­
invariant spectral distortion (here we are not considering tone noise,
clicks, or channel variations, etc.), while Linear Predictive Coding
(LPC) vocoders involve many time-variant spectral distortions, as will
be discussed shortly.

The use of the Itakura-Saito type of measure for time-invariant
spectral distortions, such as (3), (14) and (15), appears to be justifiable,
at least within the short-time frame boundary where stationarity is
reasonably assumed. This can be seen from the application of the
likelihood ratio measure in vector quantization for voice coding.?" In
fact, the code words designed for vector quantization using (14) are
substantially consistent with the vowel triangle of Peterson and Bar­
ney from an acoustic-phonetic point of view," It also has been shown
that the log likelihood ratio measure usually leads to a better recog­
nition rate in speech recognition schemes. lO,21> (Note that the log
likelihood ratio and the likelihood ratio measure make no significant
difference in most speech recognition applications. The only theoret­
ical difference is in template generation where minimization of some
criterion, such as the average distortion or maximum distortion, is
required.) For interests in psychoacoustic studies, however, it may be
desirable to further translate the measurement into a perceptual scale
that better interprets the relative perceived quality. (The complication
here is the possible sound dependence on a perceptual scale. Consider
the following example. Suppose X has been distorted, resulting in Y
and Z. We can confidently say Y sound is closer to X sound than Z
sound is, if p[X, Y] < p[X, Z). However, we are not sure that Y is
perceptually closer to X than Z is to W, even if p[X, Y] < p[Z, W].)

Beyond the short-time stationary segment level, the time-variant
distortion is a more important and complicated factor to consider in
speech processing. Spectral distortion measures are defined for every
pair of spectral representations. A natural extension of the distortion
measure for measuring dissimilarity between time-varying signals is
thus the distortion sequence is expressed by (7). Previous experiments
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and several reported results that help illustrate the effect of time­
variant spectral distortions upon speech quality are in order.

Voice coding results in time-variant spectral distortion. The key
contribution to the time variation of distortion in voice coding such
as LPC is a result of parameter quantization, although the parameter
analysis procedure itself may also introduce some time-variant distor­
tion because of frame alignment, change in excitation, etc. The effect
ofsuch distortion thus can be best explained in performance compar­
ison of different parameter quantization schemes.

The experiment in Ref. 7 that compared the distortion performance
of vector and scalar quantization for LPC voice coding provides
important insights in this regard. In order to conduct the so-called
equal average distortion comparison in the experiment, speech signals
were vocoded at a lower bit rate with vector quantization and at a
higher bit rate with scalar quantization. Subjective comparison of
these two sets of synthesized signals of equal average distortion showed
that the vector quantization synthesis samples sounded smoother and
more pleasant, and were considered of better quality. Substantial
background warble was perceived in the scalar quantization samples.
Differences in spectral continuity, distortion contour, and some sta­
tistics of the distortion process IPnl between the two sets of synthesis
samples were then reported to explain the difference in the perceived
synthesis quality. It was concluded that a coder that preserves more
spectral continuity, achieves smoother distortion contour, and pro­
duces less divergent distortion statistics is better than a coder with
otherwise different distortion performance, even though they yield the
same average distortion. Vector quantizers appear to produce "better"
distortion sequences than do scalar quantizers in LPC voice coding.
The importance of considering the distortion as a process or sequence
(instead of just an average distortion) and of looking into the spectral
continuity (a mathematical definition of which has yet to be obtained)
was thus highlighted.

The concepts of time-variant distortions and spectral continuity
also raise apossible explanation for the experimental results of Tri­
bolet et a1.26 Here, performances of four different types of waveform
coders at three different bit rates were compared. An average noise­
to-signal measure [eq. (2) of Ref. 26], i"m' which was derived through
the concepts of log likelihood ratios, was used as an objective measure
to predict the subject performance. As seen from Figs. 5 and 6 (dupli­
cated from Figs. 7 and 9a of Ref. 26), the main failures ofthe likelihood­
ratio-derived measure are in predicting the performance of all coders,
at 9.6 kb/s [in particular, Sub-band Coder (SBC) at 9.6 kb/s] and
Adaptive Differential PCM (ADPCM) coder with a fixed predictor at
24 kb/s. At 9.6 kb/s all coders perform subjectively worse than objec-
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Fig. 5-Quality median rating of 12 coders (65 listeners by 4 talkers).
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Fig. 6-0bjective noise-to-signal measure, I'm, averaged over 16 articulation bands for
the 12 coders in Fig. 6.
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tively predicted. At 9.6 kb/s, SBC is objectively very close to the
-Adaptive Transform Coder (ATC) but turns out to be subjectively
even worse than the ADPCM with a variable predictor. At 24 kb/s,
ADPCM with fixed predictor is objectively much worse than ADPCM
with variable predictor, but they in fact are subjectively very close.
These failures can be attributed to the fact that I'm does not correctly
consider the correlated spectral distortion, and more importantly, it is
only an average over the entire speech sample, revealing no informa­
tion on possible perceptual degradation due to time-variant spectral
distortions. The outcome that all coders perform subjectively worse
than objectively predicted at lower bit rates is probably a result of
increased sporadic spectral distortions and reduced spectral continuity
along the time axis. Sub-band coding schemes inherently preserve less
spectral continuity at lower bit rate, and thus it is possible that
relatively more quality degradation is perceived at 9.6 kb/s with SBC.
Finally, the ADPCM coder with adaptive, variable predictor poten­
tially introduces more spectral discontinuity, due to quantization of
the predictor parameters, than does the ADPCM with a fixed, un­
quantized predictor.

To illustrate this, plots of the log spectral (eighth-order all-pole)
difference between the original and the reconstructed speech signals
are shown in Fig. 7. Coders used in Fig. 7 are ADPCM with fixed
predictors and adaptive predictors, respectively. More spectral discon­
tinuity is observed in the adaptive predictor case, particularly in the
low frequency region. Therefore, even though adaptive predictors yield
higher prediction gain than fixed predictors," this objective advantage
has been subjectively offset by the perceptual sensitivity to time­
variant distortions, particularly at higher bit rates, where the effect of
additive noise becomes relatively less significant. As a result, the
subjective performance gap between the two coders is substantially
reduced.

Similar limitations apply to automatic speech recognition schemes
that use one single average or accumulative figure to represent the
dissimilarity between the spectral sequences of the input speech and
the stored reference template. In parallel with the concept of meas­
uring speech quality with the segmental sin, recognition schemes
usually resort to segmentation and time warping in order to obtain
better distortion or distance measurements for more accurate recog­
nition decisions. Nevertheless, segmentation schemes produce hard
segmental boundaries, instead of natural, soft transitions, and are
never completely reliable. The original problem of measuring the
dissimilarity between time-varying signals thus has never been entirely
solved.

1492 TECHNICAL JOURNAL, OCTOBER 1984



(j)

-'w
co
U
w
o
z
w
U
Z
w
a:w w

:;: u.
~ 6
~ §

I­
Z
(9
«
:;:
:;:
:::>
a:
I­
u
w
a.
(j)

I

r---------=-:::...=.:J -.L
~------=:..::=lT

I
13.7
dB

-...:..:..:..
-
~

-~------
.... --~-=-- ,,",",,,," -

- -

-- -
---- ~-

- ~

FREQUENCY IN HERTZ

(a)

1------.......,=-..=._-....-=- - - - --

~.-..__:::-=- - - - - ,-------------,

T -------­
I

13.7
dB

r--o..:::;...::.=.---",--,=--",- - - - - --

(j)

-'w
co
U
w
0

~

w
U
Z
w
a:

w w
:;: u,

u.
I- 0

~ w
0
:::>
I-
z
(9
«
:;:
:;:
:::>
a:
I-
uw
a.
(j)

FREQUENCY IN HERTZ

(b)

Fig. 7-Log spectral difference between the original and reconstructed signals: (a)
with a fixed, unquantized predictor; (b) with an adaptive, quantized predictor.



The above considerations clearly point out the necessity of psycho­
physical experiments for developing a better speech quality measure.
Specifically, with regard to using the Itakura-Saito type of measures,
issues to be further studied are: the measurement direction, the feasi­
bility of characterizing subjective quality by distortion sequences, and
the incorporation of some transitive functions into the distortion
measure to account for spectral continuity. In light of the analytical
features of the Itakura-Saito type of measures, research on these issues
appears to be vitally important to an analytical speech perception
model.

IV. SOME CONSIDERATIONS IN FUTURE PSYCHOPHYSICAL STUDIES

It is beyond the scope of this paper to propose and discuss in detail
the psychophysical experiment procedures necessary to answer all the
questions above. It is, however, appropriate to address one of the
difficulties in psychoacoustic experiment designs here. In addition, we
shall propose to consider a class of transitive functions to be used in
defining the spectral continuity measure.

4.1 Inverse filtering as a tool

One of the fundamental difficulties in designing psychoacoustic
experiments is the control of test stimuli. How to characterize and
control the test signals is obviously not a simple matter when the
stimuli are real running speech signals. In parallel with this problem
is the difficulty in defining a refined speech production model that, at
least, adequately describes the real speech production mechanism.

In studying perceptual responses to various spectral distortions in
order to better analytically and dynamically characterize speech qual­
ity with the Itakura-Saito measure, the difficulty fortunately can be
greatly alleviated. In particular, the result of (21) allows us to modify
a speech signal conveniently to meet the prescribed distortion require­
ments. Clearly, if

ls'(i)l = EEl X~(z)
n

(45)

then

(46)
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Fig. 8-Signal modification procedures to achieve prescribed distortion characteris­
tics.

Figure 8 illustrates the modification procedure. The speech signal is
first inverse filtered by £1n(z) to obtain the residual En(z), which then
drives the chosen filter IIBn (z) to form the desired signal.

Choosing IIBn (z) such that

PIS[:n,~J~P'
a prescribed value can be made simple if we have a good-sized vector
code book, as designed in vector quantization." The search for IIBn (z)
is then quantum-selectively finite, although there are theoretically
infinite number of all-pole filters. Also, the test stimuli designed
according to (45) are free from excitation variations, such as funda­
mental frequency changes, that are better considered separately.
4.2 Spectral continuity

As discussed above, spectral continuity is an important factor af­
fecting the perceived quality of speech signals. Speech signals carry
distinctive time-frequency or spectral transition patterns. Phonetic
manifestation in articulated speech signals could be very fast, like
Istrl in "strange", or sustainingly slow, like Iii in "eat". To avoid
complications due to such an inherent nonuniform spectral change,
Ref. 7 used the model error spectral sequence IAn(w)l, defined by

1 1
An(w) = log I~n(ejW) 12 - log I,1n(ejW) 12' (47)

where An(z) is a quantized version of £1n(z), to illustrate the difference
of the ability of various quantization schemes in preserving spectral
continuity. The rationale was based upon the fact that the ultimate
spectral continuity to be retained is the inherent spectral transition
pattern, and that if a coder produces spectral distortion that is inde­
pendent of time, that is,

An(w) = A(w) for all n, (48)
then the time-variant spectral distortion is completely eliminated.
While IAn(w)I adequately explained the spectral continuity differences,
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(50)

more rigorous alternatives are necessary for, at least, the following
reasons: (1) the variation in ~n(w) along the frequency axis, w, as well
as the time axis, n, is often so substantial that it is difficult to use
only (47) to define a spectral continuity measure; (2) it was never
concluded that the change in ~n(W) along the time axis, if regarded as
an indication of spectral smoothness, is indeed perceptually independ­
ent of the spectral transition pattern of the speech signal.

Before we can completely characterize the spectral continuity along
both the frequency and time axis, we would like to propose to tenta­
tively consider two transitive functions that indicate the spectral
changes in a speech signal as a function of time. The notion of eq.
(21), measuring the distortion between two all-pole spectra, is empha­
sized in defining such transitive functions. Denoted by ¢t(k), the
forward transitive function is defined by

(k) t::. ~ -nX, [~_1_]
¢t = nL:o e PIS ~k' ~k-n ' (49)

where >v is a time constant and, ~~h(z) and :4.k-n(Z) are the optimal
Mth-order inverse filters of Xk(z) and Xk-n(z), respectively. ¢t(k)
measures the all-pole spectral change in the speech signal in a forward
manner, i.e., it measures the distortion resulting from replacing the
current spectral envelope with previous spectral envelops. Character­
istic changes in excitation, such as the pitch inflection, are not actively
considered in ¢t(k), although they may affect the estimation of all­
pole spectral models. One interpretation of measuring the transition
in speech by the distortion between all-pole models instead of speech
spectra is that we try to keep the current excitation signal unchanged,
as if it were present in the previous segments as implied by eq. (21).
We also assume that the time constant At' accounting for short-time
auditory memory." is independent of the particular sound that is
articulated and perceived.

Similarly, we define the backward transitive function ¢b(k) as

00 ~1 1]¢b(k) ~ L e-nxbpIS A-' A- .
n=O k-n __k

Note that if the distortion measure were symmetrical and if At = Ab'
the two transitive functions would be identical. The appropriateness
of these functions remains to be studied.

The transitive functions are to be regarded as part of the speech
signal. When a speech signal is distorted because of processing or
encoding, the corresponding transitive functions are distorted also.
The distortion, or noise, in the transitive functions thus provides a
measure of the time-variant spectral distortion that affects the spectral
continuity in the original signal. Further research effort, of course, is
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necessary to verify the suitability of these functions or to develop a
better spectral continuity measure. We feel that the concept in (49)
and (50) provides a good starting point.
V. CONCLUSION

While the Itakura-Saito distortion measure and its variations have
been widely employed and are considered promising in characterizing
speech quality," limitations in such measures still exist and have been
identified within the theoretical framework of a generalized waveform
coder distortion model in the above discussion. This type of measure
is inherently nonsymmetric and therefore, in measuring distortions, a
proper measurement direction needs to be determined. Subjective
quality evaluation involves perceptual response to various degrees of
distortion that has to be considered as a time function or a stochastic
process. The feasibility of describing the subjective quality by finite­
order statistics of the distortion process is to be studied. Furthermore,
evidence shows that speech spectral continuity is also a key, if not the
most important, factor affecting the subjective quality and thus, the
speech spectral transition pattern should be regarded as a vital part
of the speech signal. An even more fundamental and difficult task is,
then, the incorporation of the spectral transition patterns into the
rather static measurements of the Itakura-Saito distortion. Psychoa­
coustic studies are necessary to resolve these issues.
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