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ABSTRACT 

This paper studies the quality of synthetic 

speech produced by integrated circuit (IC) hardware using 

fixed-point arithmetic and Linear Predictive Coding (LPC). 

A theoretical model explaining the combined effects of 

finite wordlength and parametric model order is developed. 

This model is used to predict the results obtained in the 

experimental phase of this study. 

In the experimental phase, selected model utter

ances are synthesized under finite word length constraints 

using LPC parameters. The synthetic speech is evaluated in 

terms of the log area ratios which define obJective speech 

quality as a parametric distance. A theoretical model is 

developed to predict the experimental results. Simulations 

of this model produce data that predict the experimental 

results. The same information is extracted from the model 

as that obtained from actually running the fixed-point 

synthesizer simulator. 

Since the predictions of the theoretical model 

agree quite well with the experimental measurements, it is 

concluded that fixed-point synthesizer performance can be 

xiv 
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predicted without actually running a complicated and expen

sive fixed-point synthesizer. Secondly, results obtained 

from either method clearly indicate that for 15 or 16 bits, 

ten is the best number of poles to use. Eight useable 

poles are indicated for 14 bits, while seven are indicated 

for 13 bits. Based on the results of this study, the use 

of less than 13 bits £or £ixed-point calculations is not 

recommended. 



CHAPTER 1 

INTRODUCTION 

This paper addresses the problem of evaluating 

synthetic speech produced by linear predictive coding (LPC) 

hardware. The audible perfor~ance of the recursive lattice 

filter <Markel and Gray, 1975, p. 494), most commonly used 

in LPC hardware synthesizers, is highly sensitive to finite 

word length constraints. This register length consideration 

is an inherent limitation and is rather sensitive to signal 

rank or model order. The purpose of this study is to 

demonstrate how audible speech quality is dependent on 

these two constraints. The experimental quality measure

.ents reported in this paper are based upon the log area 

ratio distance <Barnwell and Voiers, 1979, p. 176), known 

for its correlation with subJective listening scores and 

compact parametric form. When the effective model order 

for the speech process is known, the needed numerical 

precision of the lattice filter synthesizer can be estab

lished using this analysis procedure. 

Since a wealth of information regarding signal-to

noise ratio <SNR) perforMance for pulse code Modulation 

1 



2 

(PCM) sche~es is available, the evaluation of LPC synthesis 

is introduced from this point of view. The illuminating 

works of Noll (1975) and Jayant (1973) provide the basis 

for linking the architectural constraints of LPC synthe

sizers to the key signal paraMeters of speech. 

Adaptive digital techniques (developed to minimize 

the data rates in speech transmission) are well understood 

in terms of their signal-to-noise characteristics. In 

1970, Atal and Schroeder used a one-bit adaptive differen

tial pulse code modulation scheme (ADPCM), with adaptive 

linear prediction, to study a 10 kilobit per second speech 

transmission system. Later, Jayant (1974, pp. 611-632) 

suggested that improvements of as much as 20 decibels of 

signal-to-noise (using ADPCM) over ordinary PCM should be 

possible. Since that time, multibit ADPCM systems have 

been studied extensively with regard to their SNR charac

teristics. 

The linear prediction of speech involves the use 

of a set of tailor made digital signal processing (DSP) 

algorithms. From the analysis of speech as a wide-sense 

stationary time domain event to the synthetic reconstruc

tion of sound from a parametric description, special 

digital filters structures are used. The lattice, in its 

variety of forms, is the most popular digital filter used 

in the analysis and synthesis of speech, because it 
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i8 stable, recursive and readily lends itself to fixed

point implementations. Fixed-point filter realizations 

are chosen over floating-point as often as possible where 

dynamic range and signal-to-noise are well established. 

This is due to the fact (Rabiner and Gold, 1975, p. 308) 

that floating point introduces more noise for multiplica

tion and addition than does fixed-point operation. 

Much of the development of algorithms and struc

tures for the efficient Linear Prediction of Speech 

followed the work of Flanagan (1968), Kelly and Lochbaum 

(1962), Schroeder (1967), and others. These men co11ec-

tively established that the human vocal tract shape and 

the resonance profile of speech are interdependent. The 

acoustic tube model (Markel and Gray, 1976, p. 62) and the 

uniform acoustic tube (Rabiner and Schafer, 1978, p. 62) 

are associated with assumptions that the vocal tract is 

analogous to an organ pipe of time varying and piece-wise 

continuous shape. 

The results of this research run somewhat concur-

rently with thinking 

likelihood formulation 

that developed from the maximum 

(Saito and Itakura, 1966) for 

parametrically describing speech. Saito and Itakura 

assumed that speech is a gaussian process and atte~pted to 

formulate parameter sets that maximized the likelyhood of 

apeech, the observed event. This approach, in general, is 
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difficult to mechanize when the speech process hecomes a 

function of more than two random variables. Atal (1970) 

presented the first use of the term linear prediction in 

the context of modeling speech. The popularity of this 

method is evidenced by the flurry of work that has fol

lowed. Markel (1971a) discussed the application of Prony's 

method (a curve-fitting algorithm proposed in 1795_ the 

same year that Gauss presented his least squares estimation 

theory) to the parametric representation of speech. In 

that paper_ Prony's method is discussed in light of linear 

prediction due to Atal and the maximum likelihood formula-

tions of Itakura and Saito. The popular and widely 

exploited inverse filter approach (Markel 1971b) to the 

all-pole modeling of speech using LPC produces results that 

parallel the maximum likelihood formulation. During the 

following year_ Makoul and Wolf (1972) reported on a 

unified presentation of two analysis methods for the 

parametric estimation of speech. In this report_ the 

autocorrelation and the covariance functions of the speech 

signal are linked to spectral estimation through the use of 

Parseval's relation. 

Itakura and Saito (1972) proposed the familiar 

PARCOR structure where the reflection coefficient para

meters result from an iterative partial correlation of the 

speech signal. In that same year_ Wakita (1973) gave a 
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detailed interpretation of the PARCOR structure similiar 

to Markel's inverse filter. The forgoing work implies the 

=odeling of speech as a filtering problem. As such, it is 

reasonable to assume that speech can be modeled as the 

response of some form of filter to a parameter invariant 

excitation. In 1973, Gray and Markel published a paper 

describing the lattice filter in three structural forms. 

The difference between these is essentially in the number 

of multiplication operation required and numerical scaling 

considerations. 

The above methods for extracting a parametric 

description of speech combined with the knowledge of an 

equivalent filtering problem gave rise to ma~y investiga

tions. The implementation of these linear digital signal 

processing schemes presented some inevitable problems in 

their hardware realizations. As four and eight bit micro

processor systems found their way into widespread usage, 

the simulation of finite word length algorithms became more 

prevalent. Among other researchers, Jackson (1969 and 

1970a) and Blackman (1965) have investigated limit cycle 

effects and roundoff noise introduced by operating digital 

filter algorithms under finite wordlength constraints. 

Limit cycle behavior (under finite wordlength constraints> 

is likened to the movement of stable system poles toward 

the imaginary frequency axis in the s-plane, corresponding 
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to marginally unstable filter stuctures. Roundoff noise 

and limit cycle behavior for high order systems has been 

investigated by Jackson (1970b). Rabiner and Gold (1975) 

discuss the probability density distributions of noise 

produced by scalar multiplication in fixed and floating 

point representations of 

and Schafer (1975, p •. 

fixed-point numbers. Oppenheim 

426) 

analysis capable of treating 

multiplication in high order 

A recursive digital filter 

publication by Harkel and 

go on to develop a style of 

the roundoff noise due to 

systems as a random process. 

structure discussed in 

Gray pp. 268-277) is 

presented 

optimal 

in normalized form. 

(1975, 

This new algorithm is 

in the sense that all internal nodes have unit 

energy. Such a structure lends itself to optimal scaling 

for finite word length considerations. In order to use the 

design procedure for this "normalized filter structure", 

the inverse filter parameters are needed in direct form. 

The most efficient linear predictive coding schemes 

generate the PAR COR parameters (not the direct form 

coefficients) in either coded or uncoded forms, which is 

probably one reason why it has not met with wider accep

tance from industry. Although the two-multiplier form of 

the lattice is not normalized in the sense of unit energy, 

it ~akes use of parameter sets bounded by unity. In that 

most excitation sequences required by the lattice are also 
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bounded by unity, this structure lends itself to fractional 

number arithmetic. The above reasons make the two multi

plier lattice a first choice in synthesis of speech using 

LPC. 

An awareness of known SNR criteria for adaptive 

differential pulse code modulation (ADPCM) schemes and a 

knowledge of the theory of LPC combined with an under-

standing of finite wordlength effects 

point for the evaluation of synthetic 

integrated circuit hardware. The 

provide a starting 

speech produced by 

forgoing literature 

search has provided a sound basis, but an additional tool 

is needed to carry out this investigation. An estimation 

procedure accounting for the noise energy generated by the 

two-multiplie~ synthesis lattice is addressed in Chapter 3 

of this paper. 

coding 

all-pole 

In Chapter 2, the principles of linear predictive 

are presented. The analysis of speech using 

LPC is presented with an indication of the 

modeling limitations. 

In Chapter 3, a relationship between normalized 

prediction error in LPC and m~~sured SNR in ADPCM is 

presented in order to relate log area ratio scores for 

speech to SNR. In order to model the recursive effects 

of fixed-point noise in the experimental synthesis simula

tion, a theoretical development is needed. The author 
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presents this original work along with a discussion of the 

practical constraints. The relevant range of parameters is 

given based upon data found in the literature. 

The experimental procedures are discussed in the 

next section. Distance Measures relevant to LPC are 

presented in addition to reasons why certain candidates 

were not chosen over the log area ratio measure. An 

additional variant of the log area measure is presented 

because of its enhanced sensitivity. A plotting format 

for the experimental results is discussed and likened to 

that of a "quality surface" with expected trends in the 

data presented. In the final sections, a brief discussion 

of the results with conclusions and recommendations for 

further work is given. 



CHAPTER 2 

PRINCIPLES OF LINEAR PREDICTIVE CODING 

Linear prediction embodies a broad class o£ digital 

signal processing algorithms used to identi£y and recon

struct discrete wide-sense stationary time series events. 

A variety o£ parameter identi£ication and signal recon

struction techniques come under the general heading o£ 

linear predictive coding. Speech can be modeled in both 

the £requency and time domains, but speech is measured as a 

time domain event and it is usually most convenient to 

.anipulate it as a time series. As early as 1795, Prony 

presented a method £or determining the model parameters o£ 

a signal £rom a £inite number o£ observations. In Prony's 

method, a signal composed o£ exactly M complex exponentials 

.ay be speci£ied in terms o£ 2M samples o£ noise-£ree data. 

Voice recordings are never totally £ree o£ noise, there£ore 

techniques have since been developed to circumvent the need 

£or ideal conditions. Until the advent o£ the Cooley-Tukey 

Fast Fourier Trans£orm (FFT) algorithm, time domain 

techniques were almost exclusively used. In the past, 

£requency domain analysis had been impractical due the 

9 



10 

large amounts of computer memory and process tiMe required 

to implement Fourier transform algorithms. Although the 

FFT provides the luxury of analyzing large amounts of 

discrete data in the frequency domain, frequency domain 

Prediction of Speech have been approaches to the Linear 

mostly used to interpret the 

approaches to the parameter 

signal data. Time domain 

extraction of speech data 

remain the primary choices for linear predictive coding 

schemes, especially in real-time implementations. This is 

undoubtedly because most adaptive algorithms are derived 

as recursive time series expressions. 

Survey of Time Domain Analysis Methods 

Three time domain speech analysis methods present 

themselves frequently in the literature. The autocor

relation and covariance methods utilize an overdetermined 

set of equations (Cadzow, 1982, p. 911) to solve for the 

process parameters of the speech. Although the windowing 

and stability considerations are somewhat different, both 

Methods lead to similiar solutions. A third method, known 

as the lattice method <Rabiner and Schafer, 1978, p. 415) 

recursively filters the speech signal with a structure 

known as the PARCOR lattice. This technique internally 

generates pairs of residual error signals. At each step in 

this algorithm, a new reflection coefficient is determined. 
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Although this method appears to be the least efficient as 

an analysis tool. it is always stable regardless of 

wordlength considerations. 

Time Domain Synthesis 

Two filter structures are commonly used to recon

struct speech from the parameter sets derived above. These 

are the direct form filter_ a consequence of the principle 

formulation of linear prediction_ and variants of the 

lattice (Gray and Markel_ 1973_ p. 494). The direct form 

is used primarily as dn instructive tool and not so much in 

practical realizations because of the unbounded nature of 

the coefficients in the filter. The lattice_ on the other 

hand~ is used extensively in synthesis because of its 

inherent stability in finite word length applications_ 

making it a natural choice in hardware implementations. 

Since the direct form filter illustrates the basic prin

ciples in LPC_ it will be initially used in the discussion 

of analysis techniques that follow. 

The Linear Prediction Model 

Assume that a speech signal set) is bandlimited 

and sampled at or above the Nyquist frequency to give the 

discrete-time series senT). The sampling frequency is 
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specified by fs = 1/T p where T is the interval between 

time series observations Sn = senT). 

Consider a linear system whose output is the time 

series ~n with input un defined in terms of the difference 

equation 

p q 
s = - ~ a·s + G· L b ·u 

n k~l k n-k J=O J n-J 
(1) 

where {ak}, k = 1,2, ••• p and {bJ}, J = 0,1, ••• q and G 

are the system parameters. The difference Equation (1) 

establishes the current output of the system as a linear 

combination of the past p output samples and the present 

and past q samples of the input. In effect, the present 

output Sn can be "predicted" from the past output and input 

samples. 

In the context of a "pole-zero" frequency domain 

formulation, the model provides anti-resonance (zero) and 

resonance (pole) information by the explicit relationship 

given in Equation (1). The explicit linear combination of 

the output time series sn provides the essential "pole" 

information in the model. In the special case where the 

excitation un = b(n), Dudley (1979, p. 390) has shown that 

the "poles" of such a system can be evaluated independently 

of the "zeros" using covariance methods. ~1ith speech, the 

"zeros", according to Atal and Hanauer (1971, pp. 637-655), 
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aay be included by adding more "poles" to the model. This 

corresponds to the deletion of the past q inputs (un-J). J 

q and an increese in the "pole" number p of 

Equation (1). 

For voiced speech corresponding to vowel sounds. 

the input un can be adequately modeled as 6(n) (Rabiner and 

Schafer. 1978. 398). This new information combined with 

the forgoing discussion leads to the conclusion that voiced 

speech can be successfully modeled as an all-pole system 

responding to 6(n). This is an attractive idea. since 

speech modeled directly in terms of both parameter sets. 

(ak) and (bJ). leads to a very nonlinear and involved 

aethod of solution (Makhoul. 1975. p.577) that can be 

avo.ided. 

The All-Pole Linear Prediction Model 

Consider Equation (1) in terms of the simplified 

all-pole prediction model 

p 
s = - ~ a·s + G"U 

n k~l k n-k n 
(2) 

p and G. the system gain. By 

taking the Z transform of Equation (1). the frequency 



14 

domain transfer function is obtained 

H(z) = G/A(z) = G 
(3) 

P -k 
1 + "a ·z 

it1 k 

Figure 1 shows this system in both the time and frequency 

domains. 

An operator, referred to as a linear predictor, is 

that portion of Equation (2) which is a linear combination 

of the past samples of the process Sn. It is written as ~n 

p 
s = - "a ·s 

n it1 k n-k 
(4) 

where gn is the prediction of the current sample sn. Then 

the "order of the predictor" is said to be p, while the 

difference between the prediction and the current sample is 

en so that 

e = s - s 
n n n 

(5) 

where the total error over some arbitrary interval R is 

E = p 
" P 2 ~ (s + L a·s ) 
R n k=l k n-k 

(6) 

and the region R is dependent upon the analysis method 

chosen. 
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Ultimately, the model parameters (ak), k = 1,2, 

p are determined so that Ep is a minimum value. This is 

assured with the method o£ least squares (Makhoul, 1975, 

p. 563) where the partial derivative o£ E is evaluated 

with respect to each model parameter and set to zero. The 

resulting set o£ equations is solved to obtain (ak), where 

the autocorrelation method is one o£ several implementa-

tions. 

The Method o£ Autocorrelation Analysis 

At this point it is possible to present the 

autocorrelation method o£ solution (Makhoul, 1975, pp. 

564-565) which de£ines the parameter set (ak) and the 

linear system gain G in terms o£ a £inite set o£ N time 

series observations (am) m = 0,1, N-1. This subset o£ 

observations can be taken £rom (sn), -~ < n < +~, where 

this is accomplished by windowing (sn) such that 

s = s ·w n n+m m (7) 

where wm is o£ £inite duration and o£ £inite height over 

the interval 0 ~ m ~ N-1 and zero outside. For this 

analysis the window is taken to be the Hamming window 

(Harris, 1978, pp. 62-63). The Hamming window, approx-

imately zero at both ends o£ the interval, smoothly 
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increases to unity in the center (wm~ .54-.46"cos(2~m/N». 

Finding an expression for the expected value~ 

Rss(i) = E{sm"sm-!} is the first step in the autocor-

relation method. To accomplish this~ first pre-multiply 

Equation (2) by Sm-i~ then sum the result over the limits 

-oa and +oa 

P +00 
Rss(i) = - "a "Rss(i-k) + G'" u's . 

k~l k n!=oa n n-~ 
(8) 

where 0 ~ IiI ~ +oa and Rss(i) = Rss(-i). 

Returning to the conditions of the all-pole model 

for voiced speech~ where the observed event sm is assumed 

to be the response of 8 linear system H(z) with Un = b(n)~ 

the excitation 

P 
h = - "a·s + G'b 

n k~l k n-k n 
(9) 

Equation (9) can be manipulated like Equation (2) to 

produce Rhh(i) 

p +oa 
Rhh(i) = - L a 'Rhh(i-k) + G' L u ·s (10) 

k=l k n n-i n=-oa 

where the linear system is assumed to be causal. Under 

this constraint~ the above relation separates into two 

special cases. The first is a consequence of causality 
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where Equation (10) yields a direct prescription for {ak), 

k = 1,2, ••• p 

p 
Rhh(i) = - L a ·Rhh(i-k), 1 ~ Iii ~ ~ 

k=l k 
(11) 

and the second case, where i = 0, gives the system gain G. 

(12) 

Since the observed time series is modeled as an impulse 

response, the energy Rhh(O) is pr8cisely Rss(O). Term by 

term, Rhh(i), i = 0,1,2, ••• p, (autocorrelation lags) will 

be identical for both the observed signal and the assumed 

impulse response. 

If a stationary noise input were assumed for un 

instead of the Kronecker delta, this would correspond to 

an adequate model for nasal and fricative sounds (Rabiner 

and Schafer, 1978, p. 398). According to Makhoul (1975, 

p. 565), an autocorrelation analysis of the output of the 

system where, un. white noise, yields the same Equations 

(11) and (12) that were obtained for the voiced case. In 

the literature, these are referred to as the "Yule-Walker 

Equations" (Cadzow, 1982, p. 911; Makhoul, 1975, p.565). 

In this case, the average energy of the original signal 

equals that of the output. 
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The previous paragraph indicates that Rhh for the 

all-pole linear system is the same for either un = 6(n) 

or un - white noise excitation. This fact makes the 

all-pole model for speech particularly attractive since 

voiced and unvoiced speech can be modeled using the same 

extraction algorithm for the parameters (ak) and G. 

Figure 3 illustrates the all-pole model with the complete 

excitation for both voiced and unvoiced speech. The 

synthesizer output is labeled Sn. 

Stable Recursive Solution 

The autocorrelation method produces the difference 

Equation (11) which provides the mechanism of solution for 

the predictor coefficients (ak)~ k = 1~2~ p. Expan-

sion of Equation (11) in matrix form yields 

:o~ 
Rp _

1 a 1 Rl 

:1~ "-
. • (13) -

Rl a p-1 R p-l 
Rp _1 •.• R1 RO a R p p 

The resulting square autocorrelation matrix is Toeplitz~ 

that is~ it is symmetric and families of elements along 

any diagonal are all equal (Makhoul~ 1975~ p. 566). The 

most efficient method known for solving the above matrix 
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equ8tion is Durbin's recursive procedure. The solution 

does not involve 8n explicit m8trix inversion 

EO = RO (14) 

i-l 
k. = - [R (i) + L 

(1-1 ) 
oR(i-J)J/E. 1 (15) a 

1 J 1-
(1) J=l 

a. = k. (16) 
1 1 
(1) (i-i) k (i-i) 8 = a + os (17) 
J J i i-J 

E. (1 2 = - k
i

)oE
i

_
1 (18) 

1 

The 8bove expressions 8re solved recursively where the 

fin8l solution is 

(19) 

In addition to the prediction coefficients (ail, 

two import8nt intermediate results 8ppe8r e8ch time 

through Durbin's recursive procedure. They 8re the sets 

{Ki} 8nd (Ei). The terms (Ei) 8re referred to 88 residu8l 

energies and are repe8ted below 

EO = Rss(O) (20) 

where E(i+1) i E(i) 8nd i = 1,2 •••• p. The term residu8l 

energy refers to th8t amount of error energy rem8ining in 
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Equation (18) after the i-th pass through Durbin's recur

sion. Note that the higher the number p the smaller the 

error. Since the value E(p) is also the gain-squared of 

the ~odel excitation un = G·b(n), it implies that as the 

order p of the all-pole model increases, the excitation 

gain decreases. This dual interpretation for E(p) is both 

remarkable and useful. 

The set {Ki}, i = 1,2, ••• p are referred to as 

reflection coefficients in the literature and are used 

by most LPC synthesizers. An analysis of the numerical 

stability of Durbin's algorithm shows that the reflection 

coefficients (Ki), i = 1,2, ••• P are bounded 

i = 1,2, ••• p (21) 

by unity (Makhoul, 1975, p. 567). This is a very useful 

result, since this single fact guarantees numerical 

stability in the most commonly used LPC structure, the 

lattice. 

The model gain G is a function of both the reflec

tion coefficients and the energy of the observed signal 

(Rss(O) or Rhh(O». This gain G can be specified by 
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an alternate expression (Viswanathan and Makhoul. 

1975. p. 310) 

G = E = R(O)·V 
P P (22) 

where the term Vp is referred to as normalized prediction 

error and is given by 

(23) 

The term Vp is normalized in the sense that G2 = Vp where 

Rss(O) = 1 ( Note that Vp = Ep I Rss(O». Figure 4 shows 

the behavior of Vp for speech as p increases. 

A Summary of Key Results from 
the Autocorrelation Method 

1. A finite number of samples of speech is needed to 

implement the analysis procedure. This sample set 

can be taken from the continuous time-series by 

windowing. The appropriate window operator is the 

Hamming window. The resulting data. (sm), where 

m = 0,1,2, N-l. is input to the analysis 

algorithm. 

2. An autocorrelation sequence of the series (sm) is 

formed from evaluating the expected value set 
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(A£ter Markel and Gray. 1976. p. 133) 
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The result is the autocorrelation lag 

sequence (Rss(~», where i = 0,1, ••• p. 

3. Durbin's recursive procedure is applied to the 

autocorrelation vector. The result is an expres-

sion for system gain G, the prediction parameters 

(ai), and the reflection coefficients (Ki), where 

i = 1,2, ••• p. 

Properties of the Parameter Sets 

1. The energy of the original signal Rss(O) and 

either of the prediction parameter sets (ai) or 

(Ki) completely specify the all-pole model signal. 

2. The error Ep and the gain G become progressively 

smaller as the desired order of the model in

creases. This corresponds to the use of more 

3. 

autocorrelation lags to evaluate the signal. 

As more information is used to describe the signal, 

the error in the approximation naturally decreases. 

The reflection coefficients (Ki) have a very 

special property. This is best explained by an 

example. 

Assume that the P order model is defined by the 

gain Gp and (Kpi), i = 1,2, p. Further, that a 

lower order model q is used to approximate the same 

speech with Gq and (Kqi), i = 1,2, . . . q • It is 
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remarkable that the first q coefficients in both 

realizations are identical. 

syJllbolically 

Ck }, i = 1,2, 
Pi 

This fact is stated 

• •• q (24) 

This is not true for most other model structures. 

4. Thus raising the order of the model from q to p 

corresponds to assigning values to CKi} i = q +1, 

••• p followed by a recalculation of the gain. 

Similiarly, lowering the model order from p to q is 

as simple as setting to zero that same set of 

reflection coefficients. 

In passing, it is noted that the autocorrelation method 

of analysis followed by the application of Durbin's method 

is a highly efficient method of solution. In addition, it 

is very stable. 

CO~Jllent on the Covariance Method 

The covariance method is comparable to the autocor-

relation approach and while it requires only a simple 

uniform window it is not recommended because it is much 

less stable (Rabiner and Schafer, 1978, p. 419). Further 

the covariance matrix it develops is not Toeplitz, making 

it necessary to solve for the system parameters in a less 
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efficient manner than in the autocorrelation aethod. In 

addition. the compact formula for normalized error Vp is 

not valid using this method which makes the syste• gain G 

aore tedious to calculate. For these reasons. a detailed 

explanation of this approach is omitted. 

The Method of PARCOR Analysis 

This method of analyzing speech for the aodel 

parameters is of particular interest since it is a stable 

procedure even for finite wordlength applications. 

Further. it does not require a Hamming window. it is 

recursive. it naturally generates an explicit residual 

error sequence <en>. and it lends itself to a filtering 

interpretation to the signal analysis. In the autocor-

relation method. Vp decreases as p increases. This same 

property is preserved and the saJfte forJRulation for Vp 

applies to the PARCOR aethod. In addition. the filter 

structure suggested by this method is a dual to the 

synthesis Lattice. It has not been as popular as the 

autocorrelation method. probably because it requires 

significantly more arithaetic to mechanize. However. as 

finite wordlength becoJRes a greater factor in stability. 

the PARCOR method of analysis will probably enJOY greater 

popularity. 
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Itakura and Saito (1972) base their analysis of 

the speech signal on an inverse filter structure. The 

structure is a finite impulse response (FIR) filter~ whose 

flowgraph is shown in Figure 5. The crossing branches 

of the graph are multiplicatively weighted by the reflec-

tion coefficient set (Ki), i = 1,2 ••• p. The input to 

this filter is the speech signal (sn), n = 0,1, N-1 

where no special window is required. The output of the 

PARCOR Lattice is the true residual error sequence (en) 

defined over the same interval as the input. The name for 

this technique is due to the partial correlation procedure 

used to evaluate the reflection coefficient set. 

This analysis Lattice internally generates pairs of 

so called error sequences (Xi(n» and (YiCn)}, where i is 

the recursion index and n is the index of the corresponding 

speech signal sample (refer to Figure 5). 

The recursion index increases from left to right 

i = 0,1,2, ••• p, with the final result (Xp(n)} = {en}, 

n = 0,1, ••• N-1. The recursion is initialized C refer to 

Figure 5) by 

s 
n and = s ·z n 

-1 
(25) 



Figure 5. 
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and continues according to the following pair of relation-

ships 

x. (n) = x. 1 (n) + k.· y (n) 
1 1- 1 i-1 (26) 

-1 
y. (n) = Z • [k

i 
• x. 1 (n) + y. (n) J (27) 

1 1- 1-1 

Each of the reflection coefficients are sequentially 

determined as 

E{xi(n)·Yi (n)} 
(28) 

Equation (28) is the correlation coefficient between the 

pairs of sequentially generated error sequences. This is 

the basis for the name PARCOR lattice. 

The Lattice Synthesizer with Residual Excitation 

The structure of the PARCOR lattice is the dual of 

the synthesis lattice used by most linear predictive 

coding (LPC) systems. The frequency domain transfer 

functions are also reciprocals. As a result, the analysis 

lattice is referred to as the inverse of the synthesis 

filter. In fact if the residual {en} from the PARCOR 
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lattice is directly used as the excitation to the synthesis 

lattice~ then the synthesis waveform corresponds exactly 

to the original speech. This is not surprising since the 

transfer function for the PARCOR lattice is 

A(z) = E(z)/S(z) (29) 

where the transfer function for the LPC synthesis Lattice 

is 

1/A(z) = S(z)/E(z) (30) 

then the product transfer function produces 

1 S(Z) = S(z)o[ A(z)o_ J 
A(z) 

(31) 

the original signal S(Z) corresponding to the time series 

{sn}~ n = 0~1~2 •••• N-1. Then the output of the Lattice 

synthesizer where the input is residual excitation is an 

exact duplicate of the original speech. This configuation 

corresponds to the receiver section of an adaptive dif-

ferential pulse code modulation (ADPCM) system. The 

predictors of this ADPCM system operate with infinite 

wordlength constraints. 
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The Fixed-Point Lattice with Impulse Excitation 

When G·6(n), or white noise, is input un to the 

synthesis Lattice, the output di££ers £rom the original 

signal in the least squares sense. Recall that the total 

error, Equation (6), is minimized by the set o£ predictor 

coe££icients (ai), Equation (11). Figure (6) compares the 

the use o£ the residual error (en) to that o£ (G·6(n)} £or 

£or the lattice excitation. Since the parameters {ail due 

to autocorrelation analysis are identical to those o£ the 

PAR COR lattice, the autocorrelation analyzer is used. This 

is done to emphasize the fact that the PARCOR Lattice is a 

£ilter. It is apparent that the lattice synthesizer 

preceded by G has the same trans£er £unction as the model 

£ilter. 

A single section of the synthesizer lattice is 

shown with and without register length compensation in 

Figure 7, while Figure 8 compares the structure of complete 

£irst and second order lattice synthesizers. The accompa

nying Figure 9 ind~cates the e££ect o£ reducing model order 

by the corresponding changes signal spectrum. Note that the 

reduction o£ pole count £rom 15 to 7 causes a complete loss 

o£ the 2nd important peak (£ormant) in the spectrum, while 

a reduction o£ register length £rom 16 to 9 bits produces a 

rather dramatic change in overall amplitude with a loss of 

high £requency accuracy. Synthesizer performance is 



Figure 6. 

B n 

PARCOR Synthesis 
Lattice e Lattice n 

A l/A 

£k
i
}, i = 1,2 ... P 

Reflection Coefficients 

LPC 
Autocorrelatior 

Analysis 

G 

X 

6 
n 

u n Synthesis 
Lattice 

1/A 
I.....--- _. --

The LPC Synthesizer excited by residual 
energy and by the unit sample 6 n • 

s 
n 

-

~ 

s n 

W 
.I!> 



Input 
~ ..... 

Infinite Wordlength 
No Error 

Output 
...... 
'" 

Input 
~ ...... 

+ e 
n 

e 
n 

Output 
...... , 

Finite Word length 
Two Error Processes 

(one for each multiplier) 

Figure 7. A single section of the synthesis lattice 
with and without finite wordlength errors. 

w 
{}1 



() 
n 

G 

() 
n 

G 

+ 
e

l 

Figure 8. 

1st Order 2nd Order 

Sn 

-1 In£inite 
Wordlength 

() 
n 

G 

+ + e
2 8

1 

s 
n 

(, 
n 

G 

-1 Finite 
Wordlength 

eo 

Complete 1st and 
£ilters shown with 
length errors. 

2nd order speech synthesis 
and without £inite word-

e
l 

-1 

-1 

eo 

s 
n 

s 
n 

w 
(11 



'" Gl 
r-4 
to 
u 
18 

01 
0 

r-4 

e 
:J 
J.4 ..., 
U 
Q) 
0. 

(() 

J.4 
Gl 
:) 
0 
0. 

100 

10 
1 

1 
f' 

1 

.1 

.01 
<) 

Figure 9. 

A 

" 

\ 
...l. 

~ 

High Precision 
R=16 Bits 

P=15 

- - - P=7 

.J 
/1 

l 
L 

'1 

'" CD 
r-4 
III 
u 
III 

01 
0 

r-4 ..., 

s:: 
:J 
J.4 
~ 
U 

100 

10 

1 
I 

I 

\\ 

\ 
~ , 

\ 

Low Precision 
R=9 Bits 

P=15 

- - - P=7 

1\ f\Ll 
Q) 
n I \ 

\\ V/V 
, 

~ , 
~ 

...l. 

(() 

J.4 
Q) 
:) 
0 

.1 0. 

I 

• I 

i 

Il~ 

I, \ 

II 
l\ 

1 2 3 
.01

0 
kHz 

Loss o£ Spectral Detail due to reduced 
Model Order P and Arithmetic Precision R. 

\\ 
\\ 

\ '\. , , 
'\. 

~, \ 
I ' 

7 "' 
' F \~ , fl 

.... _"'</ 

1 
kHz 

~ 
2 

Vowel £roll 
"YQY." 

3 

(£s = 10 kHz) 
W 
-..J 



38 

clearly dependent on both the number o£ poles P and the 

nu~ber o£ bits R used to represent state variables o£ the 

£ilter. 

The body o£ the £ollowing chapter is devoted to 

explaining the behavior o£ the £ixed-point lattice in terms 

o£ the original signal parameters and the constraints R 

and P. The register length and model order interact in 

the synthesis £ilter so to make the useable number o£ 

signal parameters dependent on the arithmetic precision o£ 

the lattice. 



CHAPTER 3 

THE IMPLEMENTATION OF LPC SYNTHESIS ON 
FINITE WORDLENGTH INTEGRATED CIRCUITS 

Sampling and Fixed-Point Quantization 

Consider the general scheme o£ representing 

digital speech wave£orms. The speech signal is o£ten 

represented by a sequence o£ numeric samples that relate 

the pattern o£ amplitude £luctuations in the analog 

wave£orm. Figure 10 depicts the speech signal as a 

continuous £unction Xa(t) o£ the continuous variable t. 

This £unction is sampled at regular intervals so that a new 

£unction Xa(n"T) is £ormed, where T is the sample interval 

and n is the sample index. (Again, as assumed in Chapter 

2, the sampling process is done at or above the Nyquist 

rate.) This new function Xa(n"T) is a continuous 

variable de£ined at discrete times de£ined by the index n • 

In order to obtain a digital representation £or the 

process Xa(n"T), it must be quantized, where the conti-

nuous variable is mapped into a £inite number o£ possible 

values. In Figure 10, a quantizing operator Q[.] with a 

uni£orm step size is used to accomplish this mapping. 
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Each of the digitized analog speech samples can be 

expressed as Yn 

Y = o[x (n-T») 
a 

(32) 

where Xa(n-T) or xn is the corresponding analog value and 

Q[-) is the quantizer operator_ 

The quantizing operation can be expressed in terms 

of a statistical model, where the difference between the 

actual sampled analog value Xn and the digitized repre-

sentation is treated as a random process. 

depicts this difference as en, where 

e 
n 

x 
n 

Figure 11 

(33) 

In this illustration, the effect that the quantizer 0[·) 

has on the original sample is modeled as some additive 

process en The statistical nature of en is dependent 

on the digital number representation used. Since this 

usually is in terms of a binary number scheme, it is not 

surprising that the number of bits used to represent 

each sample is a factor. 
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Consider the algebraic representation for a fractional 

fixed-point analog sample. 

(34) 

where (Yn(i», i = 0,1, ••• R-1 are referred to the bits 

in an R-bit representation for Yn. In order to simplify 

further discussion, an arbitrary quantity we is now 

defined. This quantity appears often and is called the 

"width of quantization" (Oppenheim and Schafer, 1975). 

Wn -- 2
R

- 1 , R -- i t 1 th WI reg s er eng (35) 

Each of the Yn(i) take on the value of '1' or '0', with the 

potential sum for Yn in Equation (34) bounded by the limits 

-1 and 1 or 

-1 ~ Y ~ 1 - we 
n (36) 

The above scheme is known as the fixed-point number 

representation for analog fractions. 

With the above mapping for Xa(n·T) -> Yn in terms 

of the number of bits R , it is possible to characterize en 

in terms of its mean and variance. This has been done 

(Oppenheim and Schafer, 1975, p. 416). 
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By evaluating the possible range o£ values £or en 

in terms o£ R 

-WQ i e i 0 
n 

(37) 

and assuming no rounding o£ the least signi£icant bit while 

making the £our assumptions below, E{en) and E{(en)2) can 

be calculated (Oppenheim and Scha£er, 1975. p. 415) 

1. The sequence o£ error samples (en) is a sample 

sequence o£ a stationary random process. 

2. The error sequence (en) is uncorrelated with the 

sequence o£ exact samples {xn}. 

3. The random variables o£ the error process are 

uncorrelated ( a white process ). 

4. The probability distribution o£ the error process 

is uni£orm over the range o£ quantization error. 

The de£ined interval in Equation (37) combined with 

the £our assumptions above yields a uni£orm probability 

density £unction £or (en) 

P (x) = l/WQ , -WQ i x i 0 e (38) 

where the register length R includes the sign bit (The 

sign bit is o£ten excluded in such discussions. In such 



45 

cases the value of R needs to interpreted as one less than 

the true number of bits needed.>. The corresponding mean 

and variance calculations for (en) give 

~2 = WQ 112 
e 

m = -WQ/2 e 

(39) 

(40) 

where fixed-point truncation is used to represent the 

original analog values. 

Figure 12 indicates how the error distributions 

for fixed and floating-point number representations compare 

for truncation and rounding modes. For fixed-point 

arithmetic the range for (en) is narrower than for floating 

point in either truncation or rounding modes. While 

rounding for fixed-point number representations produces a 

symmetric distribution for (en), it also requires a bit 

more hardware or softwere > to implement. The advantage 

of rounding over truncation for fixed-point arithmetic is 

only that the average value of the error {en} is zero. 

This is usually not of great interest, but in passing 

the observation is made that the average value is always 

negative. These considerations alone point to fixed-point 

truncation arithmetic defined by Equation (34) as the 



46 

Fixed Point Floating Point 

p(E) p(E) 

WQ-l -1 
Rounding 

WQ/2 

E E 
-WQ/2 0 WQ/2 -WQ 0 WQ 

WQ-l 
Truncation 

-1 
WQ/4 

2's cOMplement 

-WQ 0 -2·WQ 0 2·WQ 

-1 

-1 I WQ/2 Truncation 
l's compleJaent WQ/2 : 
sign Magnitude 

-WQ 0 WQ -2·WQ 0 

l-R WQ = 2, where R • the register length in bits. 

Figure 12. Summary of quantization noise probability 
density functions (After. Rabiner and Gold, 
1975, p. 308). 
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In this case, where the end application is 

an integrated circuit implementation, chip complexity is o£ 

great concern. Fixed-point arithmetic is much simpler to 

implement in hardware than is £loating-point, thereby 

reducing the chip complexity. In addition, when scaling 

o£ values is possible, £ixed-point is more accurate. In 

the case o£ the LPC synthesis lattice, it is usually 

possible to implement scaling. This is partially due to 

the amplitude distribution o£ the speech wave£orm. 

Signal-to-Noise Ratio £or Uni£ormly Sampled Speech 

Signal-to-noise ratio (SNR) is de£ined in terms o£ 

the ratio o£ signal energy to noise energy. In the case 

where the signal is speech and the noise is due to uni£orm 

quantization error as in Figures 10 and ii, the SNR can 

be derived as a simple linear expression. This result is 

in terms o£ quantizer bit length R and the signal variance. 

The sampled speech signal has been characterized 

by several investigators in terms o£ its raw amplitude 

distribution. These researchers have attempted to £it 

experimental measurements to one o£ several analytical 

probability curves. Among these, Paez and Glisson (1972) 

£ound that speech closely approximates the 
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Laplacien density indicated below 

p(y) = 1 -v2-I Yla - exp y (41) 

where the spread o£ signal amplitude is proportional to 

the standard deviation See Figure 13 £or a sketch 

o£ the Laplacian density_ Note that the most likely 

amplitude values £all within a symmetric interval about 

zero. 

Suppose a speech signal is sampled where {Yn) 

is the resulting time series. With the appropriate 

calculation, it can be shown that the likelihood o£ a given 

sample Yn £alling outside of the range 4-0 

-4-a < Y < +4-a 
y n Y (42) 

is about 0.35 ~ (Rabiner and Schafer, 1978, p. 180). Let 

Ymax denote the maximum of {IYnl>. Ymax can be expressed 

in terms of the measured standard devietion ay 

(43) 
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p(y) 

-4 -3 -2 -1 o 1 2 3 4 

Laplacian Density function 

Figure 13. Laplacian density function. 
(After Rabiner and Schafer, 1978, p. 196) 



50 

where the Laplacian density is assumed (Jayant, 1974). 

At this point, the long term signal energy is de£ined in 

terms o£ the maximum amplitude swing. 

The sampling noise, or quantization error, is 

de£ined in terms o£ the number o£ bits R used to map each 

sample in the time series Yn. Further, the energy o£ the 

signal and the noise are de£ined in terms o£ their respec-

tive variances. Then SNR becoMes 

SNR 
2 = (12/WC )-a • WQ 
Y 

where WQ • the width o£ quantization. This is simply 

expressed in terms o£ decibels or dB by 

where the variance o£ the sampled speech is in terms o£ 

the maximum amplitude swing allowed. With the £ixed-point 

£ractional representation o£ sampled analog values, the 

maximum value o£ the process {Yn} is 

Y.ax = 1.0 (46) 
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Combining Equations (43), (45) and (46) gives the final 

result for long term signal-to-noise in decibels for 

speech. 

SNR(dB) = 6"R - 7.2 (47) 

In the preceding paragraphs, the long term average 

energy of the speech signal has been defined in terms of 

the maximum allowable amplitude swing. For fixed-point 

fractional number mapping, this maximum value is unity. 

This knowledge combined with the amplitude distribution 

for the uniform R bit quantizer, gives the desired result 

for signal-to-noise ratio. This result is particularly 

useful since SNR is very popular as a figure of merit. 

Many well known signal coding schemes are characterized in 

terms of signal-to-noise ratio. 

ADPCM with Adaptive Linear Prediction 

The term, OIADPCM with Adaptive Linear Prediction", 

refers to OIadaptive differential pulse code modulation". 

This is one of many digital coding 

Maximize signal-to-noise by making 

schemes developed to 

use of additional 

information concerning the speech signal. 

This coding scheme is included in the discussion of 

finite wordlength considerations for three reasons. First, 
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the SNR performance curves for ADPCM are well understood. 

SecondlYr the structural relationship between a complete 

LPC analysis and synthesis scheme is very much the same as 

that for the ADPCM with Linear Prediction. Finally. a 

comparison of published performance curves explains ~ of 

the interaction between register length R and'model order P 

for the LPC synthesis lattice. 

A comparison of the complete LPC system in Figure 

14 with the ADPCM system in Figure 15 reveals some striking 

similarities (Rabiner and Schafer r 1978. p. 209). First. 

the differential coding structure in the ADPCM system 

accepts the same input (sn) as the analyzer in the LPC 

analysis system. Second r the autocorrelation analysis 

step in the ADPCM system is precisely the same as the LPC 

autocorrelation analyzer. Third. the predictor in the 

receiver section of the ADPCM system is precisely the same 

predictor as that in the all-pole LPC model. 

Combining the appropriate SNR data for the ADPCM 

system (Noll .1975. p. 1611) with data on the normalized 

error Vp (Makhoul. 1975. p. 573) gives a relationship 

between SNR and Vp (for all-pole prediction). The data of 

Noll and Makhoul are de~ived without word length considera-

tions. that is. the wordlength constraint R = ~ ) is 

infinity. The data for the normalized error is derived for 

the ideal predictor of order P. The same constraint 
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applies to the prediction measurements of Noll. except that 

his data applies to the prediction gain. 

The data in Figure 16 gives predictor SNR as a 

function of P such that 

SNR(P)dB (48) 

whereas the data in Figure 17 relates Vp to P and is 

given by 

v = E IRss(O) 
P P (49) 

Then it can be seen that SNR in dB relates to Vp by the 

following relationship 

(50) 

This assertion is fairly well represented by the data in 

the two Figures 16 and 17. See Table 1 for a compari-

son of the numerical results. 

The forgoing discussion provides a link between 

SNR (Noll. 1975. p. 1611) and prediction error (Makhoul. 

1975. p. 573) for the infinite wordlength predictor 1/Ap(z) 

and suggests that prediction error is a legitimate inverse 

measure of SNR. 
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Table 1. Numerical comparison o£ SNR(dB) to Vp(dB) 
£or ADPCM with Adaptive Prediction. 

Model Order SNR(dB) ADPCM Vp(dB) 
Adaptive Prediction Linear Prediction 

0 0 0 

2 10.2 -9.21 

4 13.0 -10.9 

6 13.5 -11.4 

8 13.7 -11.5 

10 13.8 -13.0 

12 13.8 -13.4 

14 13.9 -13.5 

16 13.9 -13.6 

18 14.0 -13.9 

20 14.0 -13.9 

58 
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SNR For The Finite Wordlength Recursive Structure 

The study of finite word length effects in this 

section is based upon two assumptions. The first require-

ment is that the filter error processes due to register 

quantization can be treated as uncorrelated white noise. 

The second assumption is that the output noise can be 

formulated as a function of register length R and 

synthesizer model order p • This leads to the use of a 

powerful style of analysis (Oppenheim and Schafer, 1975, 

p. 426), where the variance of the output noise due to 

register quantization ( arithmetic rounding ) can be 

obtained for any fixed-point filter. 

To introduce this procedure consider a well known 

second order digital filter, whose time domain difference 

equation is 

2 
Y = u + (2-r·cos8)·y - r -y n n n-1 n-2 

(51) 

and where the equivalent frequency domain transfer function 

is given by 

H(z) = Y(z)/U(z) = 1 

-1 2 -2 
1 - 2·r·cosS·z + r ·z 

(52) 

The above is a two pole digital filter with impulse 
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response h n specified by 

h = y if u = b n n n n (53) 

If this difference equation is implemented on a computer, 

then unavoidable error is introduced into the calculation 

of the impulse response. If fixed-point arithmetic is 

introduced, then each· multiplication operation will 

introduce an error sequence {en} where the mean and 

variance of {en} are specified by Equations (39) and (40) 

in terms the register length specification R. Addition, 

on the other hand, for this arithmetic mode is completely 

accurate. Figure 18 shows the network structure cor-

responding to Equation (51) with the considerations of 

multiplicative fixed-point error for this filter depicted 

in Figure 19. The two network branches, labelled Q[.], 

assume the same role as the R bit quantizer in Figure 11. 

The 

function Q['), 

effects of 

appearing in 

each multiplicative quantizer 

the latter flowgraph, can be 

be replaced by an additive error process. The properties 

of each of these errors are given by the three specifica-

tions below. 

1. The sequence {en} is white noise. 

2. The distribution of the error sequence is uniform 

over one quantizer interval, WO. 
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3. The error sequence is uncorrelated with the input 

and the output sequences of the filter. 

Given the above Justifications, the flowgraph in Fig~re 

20 is presented as a statistical model for this fixed-

point two pole digital filter, where the output due to the 

input un is Yn and the output due to e(i)n is f(i)n 

with indices i = 1,2. 

For this example, the unit-sample response h n due 

to the input is the same as for each of the error 

terms ein and e2n • The variance calculation for the 

output noise fn = fin + f2 n is 

2 
= (O'e1 (54) 

The above procedure for finding the variance of 

the noise in the output can be extended to higher order 

JIIodels. If the noise processes, which are distributed 

throughout the filter, can expressed as equivalent effects 

reflected to the input, then the same style of analysis 

can be used to evaluate SNR in a higher order system. In 

general this is not a simple task and has not been exhaust-

ively tested for all cases. 

Jackson (1970b) has done a detailed analysis of 

quantization effects in cascade or parallel realizations 

for higher order systems, but cascade and parallel 
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realizations are not generally used for LPC synthesis. 

The synthesis structure used most commonly for speech is 

the recursive lattice. This choice is dependent on several 

considerations. These considerations are listed below. 

1. The synthesis lattice is numerically stable, that 

is the poles lie inside the unit circle for all 

combinations of reflection coefficients where they 

are bounded by IKil < 1 for all i = 1,2, ••• P. 

2. In addition to stability, the recursive calcula-

tions lend themselves to fractional fixed-point 

arithmetic due to {IKil} < 1. 

3. The recursive structure can be used repeatedly, 

~aking the lattice relatively inexpensive to 

implement in terms of hardware. 

SNR for the Finite Order Finite Wordlength 
Synthesis Lattice 

Armed with the above technique for evaluating 

output noise in a recursive digital filter, the lattice 

synthesizer structure will be evaluated in three sections 

to follow. These three maJor sections are original work: 

1. Recursive Feedback Formulation. This section 

redefines the familiar recursions of the PARCOR 

analysis lattice in terms of a control system 

structure. This mechanizes the rest of the 

analysis. 
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2. Noise resulting from the two-multiplier lattice. 

In this section the Q[.J operator is ~odeled as 

additive error. An alternate structure is used for 

the two multiplier section to facilitate the final 

step in the analysis 

3. A recursive formulation for the total error. An 

equivalent composite error sequence is reflected to 

the input of the P-order R-bit synthesis lattice. 

Generating Higher Order Synthesizers 
by Recursive Feedback 

When a feedback path of the form HN"kN+1 is applied 

around the filter l/AN. a new synthesis lattice of the form 

1/AN+1 is directly produced. This approach was discovered 

while attempting to find an analytical expression for the 

variance of the noise introduced by the fixed-point lattice 

of register length R. The formulation is recursive and 

requires the structure of Figure 21c in addition to a 

definition of HN. N = 0.1. • •• P. This new technique is 

an alternative to recursively generating the predictor 

polynomial AN+1 from AN by using the PAR COR structure 

shown in Figure 21a. The feedback approach permits the 

representation of fixed-point synthesizer noise as a 

composite process reflected to the input of the filter. 

This tool will be used to demonstrate that the noise level 

increases as the model order increases. 
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The PARCOR lattice (Markel and Gray, 1976, p. 40) 

section shown in Figure 21a implies a pair of expressions 

(55) 

(56) 

that mechanize the recursion for the predictor polynomial 

AN, N = 0,1, ••• P. In Figure 21b the N-th order synthe-

sizer and the next higher order structure are drawn 

with their associated inputs and outputs. The output for 

each of these filters is the same, where the input is 

adJusted in the second, relative to the first. so that the 

output Uo remains the same. This is a simple matter for 

voiced speech where a gain-weighted impulse is used for 

the excitation UN, N = 0,1, ••• P. Figure 21c implies 

the following control equation 

(57) 

where simplification yields. 

A - k "H N N+1 N (58) 
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(59) 

and expression £or the £eedback £unction HN. This result 

combines with Equations (56) and (59) giving 

BN+1 = z -1 
"B N 

+ k N+1 "AN (60) 

-H ·z +1 
-H kN+l"AN = + (61) N+1 N 

HN+1 
-1 = z " (H - kN+1"AN) (62) N 

Equations (58) and (62) give the desired recursions £or the 

£eedback HN+l and and the predictor AN+l. This pair o£ 

equations can be directly 8pplied to £ind 1/AN+2 shown in 

Figure 21d. These rel8tionships will be used in conJunc-

tion with the £inite precision £orm o£ the lattice section 

in Figure 22c to develop the analytic8l expression £or the 

error recursion presented subsequently. 

The Finite Precision Form o£ the N-th Lattice Section 

The standard N-th section o£ synthesis £ilter 

lattice is shown in Figure 22a where register length 

considerations are ignored. This diagram can be modi£ied 
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to include all four possible error terms listed below. 

1. Truncation error due to multipler kN. 

2. Overflow due to addition at the top node 

in Figure 22a. 

3. Truncation error due to multiplier -kN. 

4. Overflow due to addition at the bottom node 

in Figure 22a. 
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Although the error terms due fixed-point overflow can be 

all but eliminated in this structure, they are included 

for completeness. Figure 22a is expanded and shown in 

Figure 22b with the four error terms eiN, e2N, e3N, and 

Truncation sequences are represented by elN and e2N, 

while overflow errors are denoted by e3N and e4N. The 

characteristics for truncation noise in this section are 

the same as for the error en in Equation (33) and Figure 

lib where the quantizing operator Q[o] was modeled as 

additive uncorrelated white noise. The characteristics of 

the overflow factors are not elaborated because every 

attempt is generally made to avoid this error. (Overflow 

produces such a violent nonlinearity that, although it can 

be modeled, the resulting signals hardly bear any resem

blance to the original sequences.) Truncation and overflow 

combine to produce the pair of error processes, E+N and 

E-N, therefore the form of analysis continues in the same 

vein whether or not overflow is initially discarded. 
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Although truncation and over£low error sequences 

are nearly impossible to predict £or complicated wave£orms, 

these processes are, in principle, measureable. Once the 

£inite wordlength e££ects are accounted £or as in Figure 

22b the branches in the resulting diagram return to 

their ideal values • This means that elN and e2N can be 

• oved to other locations in the linear £low diagram 

. provided that all involved branch gains are considered. 

The di££erence equations £or the original diagram 

o£ Figure 22a are 

(63) 

(64) 

where ideal conditions are assumed. Figure 22b gives 

rise to expressions for 

(65) 

(66) 
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where the terms EN· and EN- are given. 

+ 
EN = elN + e3N (67) 

E~ = e2N + e4N (68) 

Equations (65) through (68) imply the £inite precision £orm 

o£ the N-th section o£ the synthesis lattice shown in 

Figure 22c. This structure combined with the £eedback 

recursions o£ Equations (58) and (62) provide the analyt-

ical machinery needed develop an expression 

composite lattice noise. 

The Error Recursion £or the 
Synthesis Lattice 

£or the 

In this section the £orm o£ the recursive error 

process is inductively developed by repeated application 

o£ the structure shown in Figure 23a. The recursion is 

initialized by applying known conditions £or synthesizers 

o£ order zero and one. The procedure is continued until 

the pattern pattern o£ the recursive noise processes, NN+ 

and NN-, are established. 

In Figure 21c the £eedback £ormulation £or the 

synthesizer is presented while Figure 22c gives the 

structure £or the £inite precision synthesis lattice. In 

Figure 23a. the ascending multiplier kN+l is identical to 



(b> After. 

Figure 23. 

1 

2 
(1 - kN+1> 

General Structure for the Error Recur.ion 
in the Fixed-Point Synthesia Lattice. 
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that of Figure 22c. 

produces the error 
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Connecting diagram 22c to diagram 2lc 

recursion structure of Figure 23a~ 

thereby making it possible to build a recursive expression 

for the filter noise. The following new variables appear 

in Figures (23) through (28) and are defined below. 

1. NN+. The composite additive effects of the errors 

generated in the lattice of order N reflected to 

the input of the filter l/AN. 

2. NN-. The composite additive effects of all errors 

appearing at the output of the feedback polynomial 

HN. This term is important as it allows expedient 

recursion of both the forward and reverse error 

sequences for filter order N+l. 

3. EN+ • The error due to multiplicative truncation 

of the output of branch kN+l. 

4. EN-. The sequence due to the branch -kN+l. 

5. VN. The new input to l/AN excluding the 

effect of EN·. 

Error Recursion for Zeroth Order 

Figure 24 indicates the stucture for order zero 

where the recursion is partially initialized by applying 

the appropriate boundary conditions for the output of the 

synthesis lattice. The zeroth reflection coefficient is 

always unity corresponding to ao = 1 for the predictor. 



o 

-k o 

1 

(1 - k2 ) o 

o 

o 

(8) Before. 

<b) After. 

Figure 24. 

o 

Initialization for the Zeroth Order Error 
Recursion. 
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The reverse quantity Y-1 is always initialized to zero. 

Further, since the input Uo is equal to the output UO, this 

implies that EO· must be zero. These considerations are 

given below 

kO = 1 (69) 

Y = 0 (70) -1 

E+ = 0 (71) 0 

Since the output £or order zero is equal to the input this 

implies that 

(72) 

Figure 24a shows that YO must be 

(73) 

while Figure 24b expresses YO as a £unction o£ 

(74) 
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which leads to an expression for 

HO = - -1 z (75) 

NO 
-1 

"E = z 
0 (76) 

Investigation of the boundary conditions for zero order 

leads to initial values for AO, HO, NO+, and NO-. Although 

no pattern is yet apparent, these results will be used to 

seed the next recursion. 

Error Recursion for First Order 

An expression for V1 shown in Figure 25a can be 

written in terms of Uo by means of a feedback equation 

(77) 

where this may be rewritten as a single pole filter with 

noise added 

(78) 



-k 
1 

1 

(1 - k2 ) 
1 

(a) Before. 

(b) After. 

o 

N~ 

Figura 25. Firat Order Error Recursion. 
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where Equation (58) gives 

1 - k "H 1 0 

The state variable Yl may be written as 

80 

(79) 

where a substitution for YO in terms of Equation (62) may 

be made. This sUbstitution combined with a subsitution 

for HO gives 

(81) 

The input Vl to the first order filter l/AO in terms of Uo 

may be written 

(82) 

where this result can be combined with El+ to obtain an 

expression for Ul in terms of output Uo 

(83) 



If the noise function N1+ is defined as 

then Ul can be written as 

U1 = A ·U - N+ 
101 
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(84) 

(85) 

which is the desired form implied by Figure 25. Combining 

Equation (62) for Vl with the recursive expression for H1 

yields 

-1 -
z • E ) o (86) 

which, according to Figure (25), gives an expression for 

(87) 

At this point, relationships for the forward and reverse 

noise and the feedback are defined for the first order 

feedback formulation. As before, this result will be used 

to generate the next recursion. 
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Error Recursion £or Second Order 

The expression £or V2 can be written in terms o£ 

the output UO~ A1~ H1 and the £irst order noise processes 

V2 = UOo(l - k2oH1/A1)oA1 

- eN+ + k oz-l oE- + k oz-2 oE-) 
1 2 120 (88) 

where this expression is obtained by referring to Figure 

26 and can be simpli£ied to obtain 

V2 = A2 "U
O 
+ -1 - -2-- (N + k oz oE + k oz oE) 
1 2 120 (89) 

by making use of Equation (58) where A2 is defined in terms 

of the feedback recursion. The next step is to define the 

state variable Y2 by re£erring to Figure 26 and making 

use o£ knowledge of H1~ which is de£ined by Equation (62). 

This is expressed below 

(90) 

where use of Equation (62) £or recursions of HN aids in 

simplification to obtain 

Y2 
-1 o(H k

2
oA

1
)oU

O 
-1 + = z - + z -k oN 1 2 1 

-1 o [E- -1 o(E- -1 oE-)J + z + z + z (91) 2 1 0 

The variable V2 can be written in terms o£ the output UO~ 



-k 2 

1 

(1 - k 2 ) 
2 

(a) Before. 

(b) After. 

Figura 26. Second Order Error Recuraion. 
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A2, and the noise 

The excitation U2 becomes 

By defining N2+ so that 

-1 -z -E) 
o 

-2 -k -z -E) 
2 0 

+ 
+ E 

2 

84 

(92) 

(94) 

where terms corresponding to N1+ and Nl- can be identi£ied, 

a simple expression 

(95) 

for NN+ is obtained. This substitution permits the 

assignment of U2 

(96) 

which is desired according to Figure 26. 
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By identifying terms in Equation (91) for Y2 that 

.ake up the forward and reverse first order errors esta-

blished by Equations (95) and (62), Y2 becomes 

(97) 

where N2- can be identified 

(98) 

according to Figure 26. 

Error Recursion for Third Order 

The pattern for the recursive noise needs to be 

verified for order three by using the same procedure as 

for order two. Refer to Figure 27 and write the equation 

for V3 in terms of Uo, the noise processes N2+ and N2-, and 

the polynomials A2 and H2 

(99) 

(100) 



-k 
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1 

(1 - k 2 .) 
3 

V 2'-' 

(a) Ba:£ore. 

(b) A:£ter. 

Figure 27. Third Order Error Recursion. 
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where 

(lOU 

The state variable Y3 can be expressed as 

(102) 

which simplifies to 

(103) 

Then V3 and U3 become 

(104) 

and 

(105) 

Where N3+ is defined as 

(106) 
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so that the excitation U3 can be written as 

(107) 

which is what is desired. By identifying the terms in V3 

that make up N2· and N2-, N3- can be found 

<108> 

At this point, the patterns for the forward and reverse 

recursive noise processes have been established. See 

Table 2 for a summary of the error recursions for orders 

zero, one, two, and three. In addition, refer to Figure 

28a for a flow graph interpretation for the noise processes 

The feedback recursion for the synthesis 

filter is shown in Figure 28b. 

Initial Conditions Required 
for the Error Model 

The forgoing investigation for the error recursion 

requires a set of initial conditions that come directly 

from the synthesis lattice. 

1. V-1 = 0 First reverse input = 0 

2. AO = 1 Uo = output 

3. EO· = 0 forced by AO = 1 

4. HO = -z-l kO = 1 and V-1 = 0 



Table 2. 

Order 

o 

1 

2 

3 

89 

Summary of the forward and reverse error 
processes NN+ and NN- for the finite word
length finite order synthesis lattice. 

o 

+ E+ N1 + k -N + 212 

-1 -z -E o 

-1 + - -z -(k -N + N + E
2

) 
211 
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E~ 

(a) Lattice Interpretation for the Error Recur.ion. 

+ 
ES E+ 

2 
+ 

El 

Us Uo 

k k2 

YO 

(b) Feedback Foraulation for the Lattice Synthe.izer. 

Figure 28. Lattice Interpretation for the Error Recursion 
and Feedback Foraulation for the Synthesizer. 
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These initial conditions are useful as input to the 

generalized recursion indicated given below. 

The Generalized Error Recursion 

At this point. the complete procedure is well 

enough understood to write the steps for the N-th recur-

sion in outline form. This is as follows: 

1. Refer to Figure 23 and write an expression for 

VN+l as indicated by the flow diagram. 

(109) 

2. Refer to Figure 23 again and write an expression 

for YN+l as indicated by the flow diagram. Use 

Equations (58) and (62) to simplify the expression. 

(110) 

3. Make the following definitions for the next forward 

and reverse noise sequences. 

(111) 

(112) 
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4. Use Equations (111) and (112) to obtain simplified 

5. 

expressions for the new input and the next state 

variable output 

UH+ 1 = A 0 U N+l 0 (113) 

(114) 

These are the desired relationships shown in 

Figure 23b. 

Si~ulation of NSRseg for the 
Finite Word length Lattice 

The result of the previous analysis is a pair of 

recursive equations for the composite forward and reverse 

error processes 

(115) 

(116) 

where the recursion is initialized by 

+ 
NO = 0 (117) 

N~ 
-1 oE-= z 

0 (118) 
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Recall that the variances and mean values of each of the 

multiplicative truncation processes E+i and E-i , i = 
0,1,2, ••• P are given by 

2 WC 2 /12 i 1,2, (119) ~E. = = P 
1 

mE. = -WC/2 1 = 1,2, P (120) 
1 

The variances and mean values for each of these processes 

are a function of register length R. 

After recursions of Equations (115) and (116) for 

NN+ are calculated, the resulting noise is a function of 

both Rand P. Then the variance of the process NN+ can be 

evaluated 

(121) 

where L B the length of a frame of speech in samples. The 

variance of NN+, which is added at the input to the 

lattice (the forward transfer function for the lattice 

alone is 1/Ap, while that for the complete synthesizer is 

G/Ap), needs to be weighted by the total energy of the 

impulse response (recall Equation (54» and added to the 

variance of the prediction error Ep/L = R(O)·Vp/L in order 
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to obtain the total noise variance at the output of the 

filter. This total noise variance is given by 

where 

2 
O'eT 

L-1 

L 
n=O 

2 L-1 2 
= O'N -[ L h 1 + V -R(O)/L 

N n=O n p 

"2 h 
n = 

(122) 

(123) 

is the energy of the impulse response of the lattice. The 

noise-to-signal ratio is obtained by dividing the total 

NSR = 
R(O)/L 

filter error by signal energy 

L-1 
R(O)/L = L s2/L 

n=O n 

(124) 

(125) 

This result will be used to generate the model noise in 

Chapter 5. This formulation is a function of the para-

meters of the original signal and the constraints for 

register length R and model order P that govern the noise 

process NN+. 



CHAPTER 4 

EXPERIMENTAL VERIFICATION OF THE THEORETICAL MODEL 

ObJective 

The obJective of this experiment is two fold. The 

first is to show that the quality of speech synthesized by 

the fixed-point Lattice is an inverse function of both 

Register length R and the order P of the filter. The 

second is to show that the theoretical model developed in 

Chapter 3 is capable of predicting the measured trends and 

performance tradeoffs. 

Purpose 

The purpose of this investigation is to test the 

validity of the noise model and its underlying hypotheses. 

The verification of such predictions through a controlled 

experiment would be encouraging. If the experimental 

results substantiate the predictions of the model, then the 

.odel can be considered an estimator of performance. This 

would be useful, since such a predictor could be used to 

ainimize the cost of an integr.ated circuit design. In an 

integrated circuit (Ie) structure, the cost of adding one 

95 
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additional bit to each of the registers can be rather high. 

In fact. the option of removing one bit from every register 

on the IC can be the final solution that makes a chip 

design feasible. It is evident that bit count can be an 

important consideration. For speech synthesis. a knowledge 

of the dependence of speech quality on register length R 

and coefficient count P would be an asset. The purpose 

of this investigation is to find such a relationship. 

Relevant Speech Data 

The first necessary step is to obtain a source of 

data which is both relevant and representative. According 

to investigators (Rabiner and Schafer. 1978. p. 420). 

voiced speech provides a better fit to the LPC model than 

does unvoiced speech. Depending on the conditions. the 

difference in normalized prediction error Vp can be as 

high as 9 dB in favor o£ voiced speech over that of 

unvoiced. One reason for this is that voiced speech is 

Much closer to a true all-pole process. Dudley (1979. p. 

390) has shown. under the supposition of an impulse 

excitation. that the poles of a pole-zero process can be 

identified independently of the zeros. This leads to the 

conclusion that the true poles of voiced speech are the 

poles derived by the autocorrelation method. It is then 

satisfying that normalized error should be smaller for 
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voiced speech. See Figure 29 for a comparison of the 

relative error Vp for voiced and unvoiced speech. 

Based on the above paragraph, the choice is made 

to take sample data £rom a standard set of voiced utter

ances. One such set of spoken input is listed in the Bolt 

Beranek and Newman report Number 3794. In Appendix 8 of 

that document, two messages are listed that are all vowel, 

all voiced and contain no spectral zeros. 

are listed below. 

1. "Why were you away a year, Roy?" 

2. "Why were you weary?" 

These messages 

The £irst three words o£ either sentence are 

chosen as sample voice data for analysis. This is the 

data base for the experiment. The phrase "why were you" 

is analyzed first as one complete set of data, then as 

three separate words. The result is the use of the four 

utterances listed below as subsets of the above samples. 

1. "why were you" 

2. "why·· 

3. "were" 

4. "you" 

These four samples, in the form of digitally sampled raw 

speech, are the data base used throughout the rest of the 

experiment. 
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Measurement of Speech Quality 

There are several ways of evaluating the quality 

of speech. One method of determining the quality of speech 

is to have an impartial listener determine the sound 

quality of the speech in some sUbJective manner. Another 

method is to make use of an obJective distance measure 

which is known to correlate with subJective listening 

studies. The latter approach is chosen over the former in 

this study because much scientific investigation has 

already gone into defining a set of obJective measures 

that correlate rather well with subJective listening 

tests. Barnwell and Voiers (1979, p. 176> have done 

extensive investigations and have found that of all the 

distance measures available, the parametric measures 

involving either the log area ratio or the energy distance 

measure are the best. This includes preference over any of 

the spectral distance measures. Known measures that fit 

into the admissable catagory of parametric measures are the 

segmental signal-to-noise ratio (SNRseg>, the long term 

signal-to-noise ratio (SNR>, and log area ratio measure. 

The two chosen in this experiment are the log area ratio 

and the SNRseg for their compact form. The SNRseg is 

analogous to the measure for the ADPCM signal-to-noise. 



100 

Perceived Loudness and Steven's Law 

Human loudness Judgements for sound are both 

relative and nonlinear. These Judgements have been studied 

and measured by Steven, a psychologist (see Lindsay, 1972, 

p. 649). A relationship that relates sound pressure 

intensity I to Judged loudness J is given below. 

0.3 
J = k'I (126) 

It is particularly convenient that the exponent in Equation 

(126) is 0.3. This implies that if the sound pressure I 

is increased by a factor of ten, then the Judged loudness 

will double. This is why many audiometric measurements are 

made in decibels. A 10 dB increase in sound pressure 

intensity corresponds to a Judged doubling of the perceived 

loudness. Researchers have formulated distance measures 

based on knowledge of this logarithmic relationship. For 

the purpose of comparing two complex sounds, it is reason

able that some function of the difference between the log 

spectra should be a consistent measure of subJective sound 

quality. Viswanathan and Makhoul (1975, p. 313) have found 

that perceived speech quality is consistently correlated 

with a total spectral error formulation based on the 
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difference between the log spectra. The log area ratio 

.easure discussed in the following section is based on this 

fact. 

Perceptual Distance and the Log Area Ratio 

The log area ratio distance measure of Barnwell and 

Voiers (1979, p. 46) is calculated from knowledge of the 

reflection coefficient sets (KRi) and (KSi), i = 1,2, 

p. These parameter sets represent the reference a"nd 

synthetic speech waveforms. Nesenbergs, Hartman and 

Linfield (1981, pp. 183-184) give the form of the log area 

ratio measure 

P 
D = [L Il0910 

i=l 

ASi 

ARi 
(127) 

where (ARi) and (ASi), i = 1,2, ••• P are the area ratio 

parameters for the reference and synthetic speech with the 

argument L = 1,2. The set (Ai) is defined by 

(128) 

where (Ki) are reflection coefficient data. This is a 

functional definition presented without scaling. 

Barnwell and Voiers (1979, p. 46) give another form 

for the log area distance measure. This form takes into 

account scaling adJustments that result from changing the 
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order p of the model. In their report, meesurements 

based on e military standard where p = 10 is assumed. 

This expression is given below. 

[(1/10)· 
10 ASi L 1 .L 120.10910 1 ] IL 

1=1 ARi 
(129) 

Note that the constant, 20, appearing in Equation (129) 

does not appear in Equation (127). The log area ratio 

distance appears in both forms in the literature. Where p 

takes on arbitrary values, Equation (129) becomes 

D = [(lIp). 
P 

P ASi L l/L L 120.10910 1 ] 
i=l ARi 

(130) 

Barnwell and Voiers (1979. p. 46) report that this distance 

function correlates most highly with subJective listening 

tests where L = 1, but do not indicate an absolute scale 

or range for Dp. In addition, Nesenbergs, Hartman and 

Linfield (1981, p. 202) indicate that additional work is 

needed to facilitate the normalization of Equation (127). 

Since Equations (127) and (129) differ by a constant, some 

additional information is presented in the following 

section to determine if either of these distance formulae 

are actually given in decibels. 
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Perceptual Distance and Spectral Deviation 

Viswanathan and Makhoul (1975, p. 317) report a 

form of spectral deviation function which is consistent 

with informal subJective listening tests. In the context 

of perceptual distance, increased spectral deviation cor-

responds to an increase in the perceived distortion of the 

speech. In their paper, total spectral deviation SD is 

def'ined as 

(131) 

where (dSD/dqi) is the partial derivative of' SD with repect 

to qi and {qi} are the parameters used to describe model 

speech, i = 1,2, ••• p Two f'orms for SD are particularly 

usef'ul. The first is in terms of' the ref'lection coef'f'i-

cients {Ki} and the second is a function of the log area 

ratio coef'f'icients~ 

(132) 

Let SDk denote the total spectral deviation of SD with 

respect to the reflection coefficients (Ki} 

(133) 
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where (dSDk/dKi) is given by 

dSDk/dk i = C/(l - k~) , i = 1,2, ••• P (134) 

and C defines the spectral sensitivity relative to Ki = O. 

Figure 30 shows the dependence of (dSDk/dKi) on the value 

of Ki, i = 1,2, p. The average spectral sensitivity 

for Ki = 0 is on the order of 9.5 dB, where the curves in 

Figure 30 represent data based on 12 reflection coeffi

cients. The relative spectral sensitivity due to reference 

value of Ki is plotted as a function of Ki in Figure 31. 

Viswanathan and Makhoul (1975, p. 314) have shown that 

Equation (134) is a very close fit (differing only by a 

multiplicative constant) to the actual experimental result. 

The total spectral deviation suggested by Equation 

(134) is exquisitely sensitive to values of Ki near unity 

magnitude, whereas SDk is rather insensitive to deviations 

in Ki for values near zero. This is not very desireable 

for voiced speech since Ki, i = 1,2, and 3 are likely to 

take on values in excess of % 0.7 while the other para

meters Ki, i = 4,5, ••• p are likely to be much smaller. 

Viswanathan and Makhoul (1975, p. 315) define SD 

and the log area ratios in their paper. Let SDA represent 
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SD as a function of the log area ratios 

(135) 

where (dSDA/dAi) = 0.5 The sets {ARi} and (ASi), i = 

1,2, ••• p define the log area rat!os 

Iln(ARi) - In(AS!) I = Iln(ARi/ASi)1 (136) 

In(AS!) = In[(l + kSi)/(l kSi») (137) 

In(ARi) = In[(l + kRi)/(l kRi)J (138) 

associated with the reference and synthetic speech wave-

forms. The constant C appearing in this derivation is the 

same as in Equation (134). As suggested above, the 

property of constant sensitivity makes Equation (135) 

preferred over Equation (133). 

Hesenbergs, Hartman and Linfield (1981, p. 202) 

suggest that further study is required to define a nor-

aalized range for the log area ratio distance. Utilizing 

the data of Viswanathan and Makhoul (1975), the constant C 

in Equations (134) and (135) can be evaluated. 
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Equation (135) is restated with a numerical value £or C 

= 10.26· t Ilog
10 

ASi 11 
i=1 ARi 

(139) 

where 9.5 = 10·10910(C) and conversion £rom the natural 

logarithm is made to the 10910. The value o£ 9.5 dB is 

taken £rom Figure 30. Equation (139) is used in Chapter 5 

o£ this paper to evaluate the experimental log area ratio 

distance £or L = 1 (The constant 10.26 = C·ln(10)/2.). 

Perceptual Distance and Segmental SNR 

The second measure o£ distance is the Segmental SNR 

measure (see McDermott, Scagliola and Goodman 1978, p. 582) 

proposed by Noll. Segmental SNR (SNRseg) is computed as 

the average o£ all the short term SNR in dB. 

M 
SNRseg = (11M)· L 10.10910[SNR(J)] 

J=l 
(140) 

where SNR(J), J = 1,2, M is the ratio o£ signal energy 

to that o£ noise £or the J-th £rame o£ speech. SNRseg is 

more applicable to perceived distortions caused by additive 

noise than simple long term averages o£ signal-to-noise 

energy. This is because speech is nonstationary not only 

in in its spectral envelope, but also in its energy. The 

above £ormulation £or noise distortion takes into account 
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the dramatic fluctuations in speech energy by normalizing 

the importance of all short term segments. This is a 

consistent approach since lower energy passages of a speech 

utterance are Just as important to the human ear as the 

higher energy sounds. 

The Relative Perceptual Importance 
of Additive Noise 

Additive noise is an important perceptual component 

of perceived waveform distortion. This component usually 

predominates waveform correlated distortions in its 

perceptual significance for higher levels of SNR measured 

in decibels. Figure 32 is a plot of the relative annoy-

ance of waveform correlated noise vs. additive white 

noise. This plot is derived from equations reported by 

Padula and Richards in an unpublished work (Jayant. 1974. 

p. 627). Figure (.) indicates that for low levels of SNR. 

waveform correlated components (SNRC = 0 dB) dominate 

perceived white noise components (SNRA = -5 dB). At higher 

levels of SNR. the white noise components (SNRA = 30 dB) 

are more perceptible than waveform correlated noise (SNRC = 

20 dB). The point where additive and correlated distor-

tions compete on an equal basis is at an SNR of roughly 10 

dB. 

Jayant (1974. p. 627) reports that waveform 

correlated distortions become a significant consideration 
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due to uniform PCM quantization for register lengths of 6 

bits or less. At this point, the formula for SNR in terms 

of bit count no longer applies. In the numerical investi-

gation o£ Chapter 5, register lengths of seven and above 

will be considered in the analysis of effects of finite 

wordlength on the performance of the lattice synthesizer 

filter. It will be assumed under these conditions. that 

the predominate noise components are additive noise. 

Mean SubJective Ratings Correlated 
with SNRseg in ADPCM 

McDermott. Scagliola and Goodman (1978. p. 584) 

report a simple correlation of mean subJective ratings on a 

scale of 1 to 9 with SNRseg measured on a scale of 0 dB to 

23 dB. This is a rather useful relationship 

MR = (0.31)·SNRseg(dB) + 0.89 (141) 

where MR e the mean subJective rating. This rating was 

obtained by correlating known signal-to-noise figures for 

sample speech with user responses given by human subJects. 

Qualitative interpretations for these scores are stated in 

words that reflect common value Judgements. The lowest 

quality speech corresponding to an SNRseg of 0 dB is termed 

"unsatisfactory" while the best assessment is given a 

verbal score of "excellent" where the SNRseg = 23 dB. 
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This rating system is summarized over five intervals 

indicated below. 

1- "Excellent" 9 ~ MR 

2. "Good" 7 ~ MR < 9 

3. "Fair" 5 ~ MR < 7 

4. "Poor" 3 ~ MR < 5 

5. "Unsatisfactory" 1 ~ MR < 3 

For "toll quality" speech, an overall SNR of 

greater than 30 dB is required (J'ayant, 1974, p. 626). 

With this reference in mind, the discriminating listener 

(who is familiar with telephone quality speech) might Judge 

a 25 dB loss in overall SNR as "fair" to "poor". Con-

versely, if a SNRseg of at least 20 dB is maintained, the 

perceived quality might be Judged as "good". 

The Expected Relationship Between 
SNR and Distance in dB 

The segmental signal-to-noise measure is used to 

evaluate the output of the theoretical model for the fixed 

point lattice synthesizer. Since distance as measured by 

the log area ratio should increase as SNRseg decreases, 

there should be a positive correlation between D and 

l/SNRseg where both are measured in decibels. 

Where the register length is sufficiently high, the 

performance of the LPC synthesis lattice with impulse 

excitation should roughly approximate the performance 
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limits of a single bit ADPCM system using adaptive gain 

and adaptive prediction. Signal-to-noise ratio for such an 

ADPCM system (Noll, 1975. p. 1606-1611) is on the order of 

20 dB (roughly 14 dB for adaptive prediction gain and 7 dB 

for adaptive gain). Since the predictors used in ADPCM are 

of high precision, the bit specification is in terms of the 

transmitted excitation. Voiced speech, containing no 

spectral zeros, is a true autoregressive process where an 

impulse is the correct excitation corresponding to the 

actual all-pole synthesis filter. Where impulse excitation 

is used, only a single bit is required to represent the 

input to the receiver section of the ADPCM system. This 

observation leads the author to expect roughly 20 dB of 

SNRseg for high model order ( P > 10 poles) and relatively 

high arithmetic precision ( R ~ 16 bits). 

Where unvoiced speech is used to evaluate filter 

performance, it is expected 

error will translate into a 

noted (Juang, Wong and Gray, 

that the higher prediction 

lower SNRseg. It has been 

1982) that coding errors 

associated with synthesizing unvoiced speech are much less 

annoying to the ear. Further, the perceived sound quality 

of synthesized speech is mainly a function of how well the 

voiced data is handled (Jayant, 1974). Due to these 

considerations, it is the opinion of the author that 

performance measurements made for voiced spe~ch alone 
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should be representative of composite speech. 

The referenc~ value of SNRseg in dB should be 

roughly 20 dB where voiced data is used. Since segmental 

noise-to-signal (NSRseg) is the reciprocal of SNRseg, 

HSRref expressed in decibels is 

NSRref = -20 dB (142) 

obtained. Where distance and NSRseg are expressed in dB, a 

symbolic relationship may be written 

NSR(dB) - NSRref(dB) = DdB - DrefdB 
(143) 

with the numerical value for the reference distance 

re~aining temporarily unassigned. 

Combining the results in Equation (142) and 

Equation (143) a pair of useful relationships between the 

log area ratio in ~nd NSRseg is obtained. 

NSR(dB) = DdS - DrefdB - 20 

DdB = NSR(dB) - NSRref(dB) + Dref
dB 

(144) 

(145) 

Based upon the experimental work of Viswanathan and Makhoul 

(1975, p. 314), the L1 norm log area ratio can be defined 
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in terms o£ dB which gives rise to the linear relationship 

in Equation (143) above. Equation (115) £rom Chapter 3 

gives a recursion £or the additive noise process due to 

£inite wordlength e££ects in the LPC synthesis lattice. 

The variance o£ the additive £ilter noise added to the 

variance o£ the total prediction error accounts £or the 

total noise energy in NSRseg. In the £ollowing section, Ll 

norm distance and NSRseg are compared in terms o£ their 

graphical behavior. 

The Expected Behavior o£ Distance 
and NSRseg in dB 

Based on the £inal result in Chapter 3, the most 

likely behavior o£ the predicted distance sur£ace is 

indicated in Figure 33. Along the model order axis the 

expected distance 0 and NSRseg in dB should £ollow the 

expected trend o£ Vp £or the in£inite wordlength case. 

Similiarly, as register length is reduced, the expected 

change £or decreasing R (where model order is su££icient 

to guarantee system identi£ication ) should be an asymptot-

ic 6 dB per bit. This later e££ect is due to the £unda-

mental 6 dB per bit £ormulation o£ signal-to-noise in a 

uni£ormly quantized analog system. It is predicted that 

the distance values along the diagonal o£ the plot should 

increase steadily. It is also likely that the oxpected 

trend o£ decreased error as model order increases will 
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reverse itself as register length internal to the synthe-

sizer is decreased. The existence of such a phenomenon 

would indicate that higher model order models are not 

necessarily better unless there is enough system precision 

to Justify the extra calculation. Such a result would put 

an additional constraint on the useable parametric data 

rate in Bits/sec. 

The Experimental Procedure 

The steps taken to verify the Theoretical Model in 

Chapter 3 are summarized below. Refer to Figure 34 which 

summarizes the overall experimental procedure. 

1. The data base of the four all-pole all-voiced 

messages are first analyzed for their LPC 

parameters. 

2. These four messages are synthesized under 

controlled register length and model order 

constraints. 

3. The parameter sets for original and constrained 

synthetic speech are evaluated to give plots for 

distance D in dB from the log area ratio measure. 

4. A simulation of the Theoretical Model proposed in 

Chapter 3 is performed based on the LPC parameters 

of the original speech. This is done over the 

same set of constraints in step (3). 
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5. A computation of NSRseg in db is done for the 

output of step (4). 

6. These values for NSRseg are plotted in dB. 

7. The results of (3) and (6) are compared graphically 

and numerically. 

In Chapter 5, the experimental results comparing 

the L1 norm parametric distance to the SNRseg measure are 

presented. The numerical constant for Dref in decibels 

will be evaluated from experimental data. From these 

results, statements will be made regarding the performance 

of the fixed-point lattice. 



CHAPTER 5 

EXPERIMENTAL RESULTS 

Tabulated and plotted performance data for the 

finite wordlength synthesis lattice are presented in this 

section. Experimental distance data are compared to 

noise-to-signal ratio data. The NSRseg(dB), a function of 

the original speech and the synthesis constraints, measures 

the performance predictions of the recursive noise model. 

Distance in dB, a function of the LPC parameters of the 

original and synthetic speech, measures the perceptual 

distance by means of the log area ratio function. In this 

section a correspondence between perceived distance and 

noise-to-signal is sought. These data will be used to 

predict the amount of synthesizer precision that is 

required to adequately model speech signals of selected 

order. 

In the following sections, most of the data are 

discussed in terms of NSR while some comparisons are made 

in terms of SNR (SNR = l/NSR and SNR(db) = -l-NSR(dB». 

In order to more expediently relate findings of this study 

to the literature, A mixed usage of NSR(dB) and SNR(dB) 

occurs. Findings in the literature a~e most usually in 

120 
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terms of SNR(dB), while noise-to-signal ratio data, 

NSR(dB), more directly corresponds to distance in dB. 

This is why the noise-to-signal ratio specification 

occasionally appears in terms of its reciprocal, SNR. 

The first of these investigations is performed in 

order to evaluate the expected reference in dB for the L1 

Norm Distance. The remaining four of these experiments are 

intended to check the correspondence of distance in dB to 

NSRseg(dB) for each of the test utterances discussed in 

Chapter 4. 

Experiment 1 : An Evaluation of 
the Reference Distance in dB 

A perceptual distance of zero for voiced speech 

will correspond to some reference value of signal-to-noise. 

This reference value of signal-to-noise is greater than 

zero, since 0 dB corresponds to an "unsatisfactory" 

subJective score (McDermott, Scagliola, and Goodman, 1978). 

Tribolet, Noll, McDermott, and Crochiere (1978, p. 588) use 

a normalized logarithmic spectral weighting function in an 

attempt to correlate SNR with individual preference, where 

bandweighted signal energy of more than 40 dB below the 

total signal energy is given zero weight. Based on this, a 

figure on the order of 40 dB is expected. Finally, since 

"toll quality" speech, which is rated for voice communica-

tions, requires a SNR rating of 30 dB or better (Jayant, 
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1974), a reference exceeding 30 dB is expected. 

The four messages listed in Tables 3 and 4 

were evaluated according to the experimental design of 

Figure 34 in Chapter 4 for the constraint P=15 and R=16·to 

investigate the value of Dref in dB. The observed experi

~ental behavior of distance in dB relative to NSRseg(dB) is 

44 dB xor all xour utterances, indicating that a value ox 

-44 dB for NSRseg should correspond subJectively with a 

distance on the order 0 dB. This differs by only 4 dB from 

the number used by Tribolet, et al. (1978). For the 

utterance "were", both distance in dB and NSRseg(dB) drop 

roughly 2 dB 

indicating t_hat 

while maintaining 

based on the data 

the same difference, 

taken thus far the two 

measures have the same sensitivity to reference. In 

addition, the average experimental value ox NSRseg = -24 dB 

corresponding to Distance = 20 dB (for R = 16 and P = 15) 

differs by only 4 dB from calculations based on what can be 

found in the literature. A list of the key results for 

this section are stated below. 

1. An average noise-to-signal of -24 dB corresponded 

to a distance ox' 20 dB for a 16 bit synthesizer of 

model order 15. 

2. The above result indicates that 44 dB of SNR 

corresponds to a distance of 0 dB, which is 

expected based on information in the literature. 
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Table 3. Re£erence values £or L1 Norm D. 

Message or Utterance Dre£ Dre£(dB) 

1- "Why were you?" 1.96 20.1 

2. "Why?" 2.04 20.9 

3. "were" 1.66 17.0 

4. "you" 2.24 22.9 

Average values 1.98 20.2dB 

Table 4. Re£erence values £or NSRseg(dB). 

Message or Utterance NSRre£(dB) 

1. "Why were you?" -24.0 

2. "Why?" -24.0 

3. "were" -26.5 

4. "you" -21.6 

Average value £or NSRre£(dB) = -24.0 
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Experiment 2 : Measurement of the L1 Norm 
Distance and NSRseg for the utterance 

"Why were you?" 

The data taken in this section have roughly the 

same shape, indicating that indeed distance and NSRseg 

must be measuring similiar performance effects. The 

behavior of distance in Figure 35 for R=16 bits resembles 

the behavior of Vp, or normalized error, where there 

appears to be a flattening of the curve for model orders 

greater than 10. This is encouraging, since this is what 

is expected from Figure 4 for normalized error in Chapter 

2. Further, looking at the data for NSRseg in Figure 36, 

a climb of 5.7 dB per bit for register lengths of less than 

13 is observed. This gives another indication that the 

data are correct since 6 dB per bit is what was expected. 

The same behavior is evidenced by both the distance in dB 

and in NSRseg. In addition, it is clear that the noise 

level increases for increasing model order and that this 

factor becomes more significant for orders of arithmetic 

precision below 15 bits. For register lengths below 13 

bits, roughly 0.2 dB of SNRseg is lost for each predictor 

coefficient added. This loss presents a real problem when 

it requires on the order of 15 of these parameters to 

accumulate as much as 14 dB of prediction gain! The trend 

of lost resolution appears to reverse itself as numerical 

precision (register length) is increased to 14 or 15 bits. 
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Table 5. Ll Norm DdB £or the utterance "Why were you?" 

Model Order 
15 14 13 12 11 10 9 8 7 6 

Bits 

7 57.1 56.4 56.1 55.4 54.9 54.6 54.2 52.4 52.1 52.3 

8 53.7 52.8 52.7 51.7 51.0 50.9 50.3 49.7 48.6 48.2 

9 47.9 48.9 49.2 48.7 47.9 47.6 47.6 46.7 46.3 45.9 

10 46.8 46.3 46.1 45.8 45.2 44.4 44.2 43.0 42.2 41.6 

11 42.3 42.6 41.9 41.3 40.6 40.2 39.5 38.4 37.8 37.2 

12 37.4 37.2 36.9 36.3 35.6 35.0 34.6 33.2 32.9 33.0 

13 32.1 31.8 32.4 31.1 30.5 29.8 29.5 28.6 28.3 29.7 

14 26.9 26.7 26.3 25.9 25.3 24.8 24.9 24.2 24.6 26.9 

15 22.7 22.7 22.3 22.3 21.8 21.5 22.0 22.0 22.2 25.1 

16 20.1 20.1 20.0 20.0 20.0 19.8 20.4 20.6 22.1 24.3 
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Figure 36. Plot of NSRseg(dB) for the synthesized 
utterance "Why were you?"". 
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Table 6. NSRseg(dB) for the utterance "Why were you?" 

Model Order 
15 14 13 12 11 10 9 8 7 6 

Bits 

7 17.0 16.9 16.8 16.4 16.0 15.4 14.9 14.9 14.5 14.4 

8 11.1 11.0 10.9 10.5 10.1 9.5 9.1 9.0 8.6 8.6 

9 5.3 5.2 5.0 4.6 4.3 3.7 3.3 3.3 2.9 2.8 

Table 7. SNRseg(dB) for the utterance "Why were you?" 

(Note . SNRseg(dB) = -l-NSRseg(dB» . 

Model Order 
15 14 13 12 11 10 9 8 7 6 

Bits 

10 .5 .6 .7 1.1 1.5 2.0 2.4 2.5 2.8 2.9 

11 6.2 6.2 6.4 6.8 7.1 7.7 8.0 8.1 8.3 8.4 

12 11.6 11.7 11.8 12.2 12.5 12.9 13.3 13.3 13.5 13.3 

13 16.5 16.5 16.6 16.9 17.1 17.5 17.7 17.6 17.8 17.4 

14 20.2 20.3 20.3 20.5 20.6 20.8 20.9 20.8 20.8 20.2 

15 22.7 22.7 22.7 22.7 22.8 22.8 22.8 22.7 22.6 21.9 

16 24.0 24.0 23.9 23.9 23.9 23.8 23.7 23.6 23.5 22.8 
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This is due to the £act that the overall noise levels at 

register lengths above 16 £all signi£icantly below the 

smallest resolvable model signal errors. The value o£ this 

observation is that it demonstrates that improvement in 

speech quality can no longer be . guaranteed i£ su££icient 

arithmetic precision is not provided. 

In Figure 35~ distance in dB indicates that £or a 

register length o£ 16 bits~ a model order o£ 10 is best 

while increases in model order P to appear to be accep

table. The indication here is that sending more than 10 

coe££icients to the LPC lattice synthesizer £or register 

lengths o£ less than 16 bits is not likely to be £ruit£ul. 

At 15 bits the only clear choice is a model order o£ 10~ 

while 14 bits o£ resolution can make use o£ only 8 coe£

£icients~ similiarly 7 coe££icients £or 13 bits. Below 13 

bits~ unsatis£actory per£ormance is indicated according to 

this data. 

Linear predictive coding is based on £inding a 

set o£ coe££icients that guarantees a minimum error in the 

least-squares sense between the original signal and the 

synthetic or model signal. LPC by PARCOR analysis is a 

£iltering scheme where a maximum amount o£ signal energy is 

removed £rom the so-called residual £or each increase in 

model order. This method o£ analysis by £iltering emerges 

as an energy removal procedure. It is no wonder that 
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increased noise levels, corresponding to increased model 

order, confound this basic energy removal £unction. 

Based on the data from this simulation, it is 

recommended that at least 15 bits be used if 10 model 

coefficients are to be effective. If only 8 coefficients 

are to be used to model speech, then at least 14 bits of 

register length are indicated. A model order of 7 gives a 

maximum SNRseg for 13 bits. Based on the results in 

Figures 35 and 36, less than 13 bits of numerical pre-

cision are not recommended for model orders of 6 or more. 

Experiments 3 Through 5 : Measurements of 
the Ll Norm Distance and NSRseg for the 
utterances "Why?", "were", and "you" 

The separate words in the composite utterance "Why 

were you?" (of experiment 2) were used as input data to 

three additional experiments. This was done to check for 

changes in the results where different data were used. Key 

results are listed in the specific tables referenced below. 

1- Best model order - See Table 8. 

2. NSRseg(dB) for best model order - See Table 9. 

3. Decrease in NSRseg in dB I pole - See Table 10. 

4. Decrease in NSRseg in dB I bit - See Table 11-

Table 8 shows a sensitivity of plus or minus one 

coefficient to the choice of utterance where register 

length is fixed. (These numbers correspond to the smallest 
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Comperison of NSRseg(dB) for Best Model Order 
for four ell-pole, ell-voiced utterences. 

Utterences 
"Why were you?" "Why?" "were" "you" 

-23.8 -23.8 -26.4 -21.4 

-22.8 -23.0 -25.2 -20.1 

-20.8 -21.3 -22.9 -18.1 

-17.8 -18.8 -19.2 
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order P~ capable of giving the minimum distance~ for a 

given register length R.) The same sensitivity appears 

where best order P, as a function of R, is compared for two 

utterances. Although this indicates a sensitivity to data, 

it also indicates that the best choice for P tends to 

increase for increased register length in the lattice. 

The figures for best nOise-to-signal in Table 9 

are taken from the NSRseg Tables 7, 14, 17 and 20 where 

these entries correspond to the best order P in Table 8. 

Each of the first three columns of Table 9 indicate 

similiar sacrifices in NSRseg when choosing lower orders of 

register length. For example choosing 15 bits instead of 

16 bits shows a loss of 1 dB of NSRseg, while choosing 14 

bits instead of 15 bits gives a reduction of 2 dB of 

NSRseg, and a choice of 13 bits over 14 bits shows a 

sacrifice of 3 dB of NSRseg. A consistent trend of 

diminishing returns is evidenced for the fixed point 

lattice. Sherwood and Bershad (1984) has presented such a 

result for the "single-weight complex LMS adaptive algo

rithm" where a 17 bit accumulator gave a maximum in 

performance of only -0.5 dB from the theoretical optimum. 

Table 10 indicates that sacrifices in NSRseg are 

an average of 0.24 dB/pole for register lengths of 10 

bits, while average gains of .133 dB/pole are seen for 
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Table 11. 

"Why 
Order 

15 

10 

6 

Comparison of Average Decrease in NSRseg 
in dB I pole for four all-pole, all-voiced 
utterances. 

Utterances 

were you?" "Why?" "were" "you" 

0.13 0.15 0.12 0.13 

0.08 0.12 0.05 0.08 

0 0.03 -0.03 0 

-0.1 -0.08 -0.13 -0.08 

-0.18 -0.20 -0.22 -0.15 

-0.24 -0.26 -0.25 -0.17 

-0.26 -0.28 -0.25 -0.17 

Comparison of Average Decreases in NSRseg 
in dB I Bit for four all-pole, all voiced 
utterances. 

Utterances 

were you?" "Why?" "were" "you" 

5.72 5.90 5.96 5.32 

5.66 5.92 5.94 5.26 

5.54 5.72 5.88 5.16 

133 
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register lengths of 16 bits. Then prediction gain can turn 

into prediction loss without sufficient register length. 

Table 11 shows an average decrease of 5.7 dB / 

bit of NSRseg for R<13 bits. This decrease cannot continue 

at a constant rate for longer register lengths, since the 

filter noise, which is actually added to the total predic

tion error, becomes much smaller than the model error Ep. 

Recall that total prediction error Ep and the filter 

noise add to give the composite error.) 

The following pages of this chapter present the 

plots and tables of the distance and NSRseg data. The 

tables cited in the previous discussion are based on these 

measurements. 
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Figure 37. Plot of Ll Norm Distance in dB for the 
synthesized utterance "Why?". 
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Table 12. L1 Norm DdB for the utterance "Why?" 

Hodel Order 
15 14 13 12 11 10 9 8 7 6 

Bits 

7 58.8 56.9 56.3 55.0 54.0 5.29 51.4 48.8 47.8 49.5 

8 52.0 50.8 51.1 49.7 48.8 48.5 48.2 46.4 45.1 45.9 

9 48.3 47.3 47.6 47.1 46.4 45.3 45.7 43.5 43.7 41.9 

10 45.0 44.6 44.4 43.9 43.3 42.6 41.8 39.9 38.3 36.7 

11 40.6 40.7 40.4 38.9 38.6 37.0 36.2 34.4 32.3 32.2 

12 35.1 34.9 34.5 34.0 33.0 31.3 30.4 28.1 27.3 29.0 

13 28.6 28.6 28.3 28.3 27.2 26.4 25.7 24.3 24.0 26.8 

14 24.2 24.9 24.3 24.7 24.0 23.5 23.1 22.5 22.7 26.0 

15 22.2 23.0 22.8 23.3 22.7 22.5 21.9 22.3 22.5 25.5 

16 20.9 21.9 21.9 22.4 22.1 21.6 21.3 22.1 22.5 25.4 
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Figure 38. Plot of NSRseg(dB) fpr the synthesized 
utterance "Why?". 
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Table 13. NSRseg(dB) for t.he ut.t.erance "Why?" 

Model Order 
15 14 13 12 11 10 9 8 7 6 

Bit.s 

7 16.7 16.6 16.4 16.1 15.8 15.2 14.8 14.8 14.4 14.0 

8 10.7 10.6 10.4 10.1 9.8 9.1 8.7 8.7 8.3 8.0 

9 4.7 4.6 4.4 4.1 3.8 3.1 2.7 2.7 2.3 2.0 

Table 14. SNRseg(dB) for t.he ut.t.erance "Why?" 

(Not.e . SNRseg(dB) = -l"NSRseg(dB» . 
Model Order 

15 14 13 12 11 10 9 8 7 6 
Bit.s 

10 1.3 1.4 1.6 1.9 2.2 2.8 3.2 3.3 3.6 3.9 

11 7.2 7.4 7.5 7.8 8.1 8.7 9.0 9.1 9.4 9.6 

12 12.8 12.9 13.1 13.4 13.6 14.1 14.4 14.4 14.7 14.6 

13 17.6 17.1 17.8 16.0 18.2 18.5 18.7 18.6 18.8 18.4 

14 21.0 21.1 21.2 21.2 21.3 21.5 21.5 21.3 21.5 20.7 

15 23.0 23.0 23.1 23.0 23.1 23.1 23.0 22.8 22.8 21.9 

16 24.0 24.0 24.0 23.9 23.9 23.9 23.8 23.6 23.5 22.6 
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Figure 39. Plot o£ Ll Norm Distance in dB £or the 
synthesized utterance "were". 
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Table 15. Ll Norm DdB £or the utterance "were" 

Model Order 
15 14 13 12 11 10 9 8 7 6 

Bits 

7 62.7 62.4 61.8 60.8 60.7 60.2 61.0 58.3 58.8 58.1 

8 59.4 57.9 56.7 55.7 54.4 55.8 53.1 54.4 52.3 49.9 

9 54.0 51.7 52.0 51.6 49.9 50.2 50.2 50.5 48.4 48.7 

10 48.5 47.9 48.2 47.9 46.6 45.5 46.7 45.2 44.5 44.0 

11 43.1 43.4 42.1 42.2 41.1 41.3 41.0 40.1 39.8 39.3 

12 36.6 36.0 36.4 35.2 35.1 35.1 35.7 34.6 34.6 34.3 

13 30.9 30.4 30.3 29.9 29.8 29.0 29.4 28.2 28.6 30.0 

14 25.1 24.4 24.5 23.7 23.5 22.7 23.2 21.9 23.4 26.3 

15 19.6 19.5 19.7 19.4 19.2 18.2 19.1 18.6 19.4 24.0 

16 17.0 17.1 17.4 17.3 17.1 16.2 17.1 17.0 18.0 22.9 
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for the synthesized 
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Toble 16. NSRseg(dB) for the utteronce "were" 

Model Order 
15 14 13 12 11 10 9 8 7 6 

Bits 

7 17.4 17.4 17.2 16.8 16.4 15.8 15.4 15.4 14.9 15.0 

8 11.4 11.3 11.2 10.8 10.3 9.7 9.4 9.3 8.9 8.9 

9 5.3 5.3 5.2 4.8 4.3 3.7 3.4 3.3 2.9 2.9 

Toble 17. SNRseg(dB) for the utteronce "were" 

(Note : SNRseg(dB) = -l·NSRseg(dB» 

Model Order 
15 14 13 12 11 10 9 8 7 6 

Bits 

10 .7 .7 .8 1.2 1.7 2.3 2.6 2.7 3.1 3.0 

11 6.6 6.7 6.8 7.2 7.6 8.2 8.5 8.6 9.0 8.9 

12 12.4 12.5 12.6 12.9 13.4 13.9 14.2 14.3 14.6 14.4 

13 17.8 17.8 17.9 16.2 18.5 18.9 19.2 19.2 19.3 19.0 

14 22.1 22.1 22.2 22.4 22.6 22.8 23.0 22.9 22.9 22.4 

15 25.0 25.0 25.0 25.1 25.2 25.2 25.3 25.2 25.1 24.5 

16 26.5 26.5 26.4 26.4 26.4 26.4 26.3 26.2 26.0 25.4 



143 

20 

1~~~--~~--~~--~--L-~--~ __ __ 
1~ 1~ 13 12 11 10 9 8 7 6 

Model Order" P 

Figure 41. Plot o£ Ll Norm Distance in dB £or the 
synthesized utterance "you··. 
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Table 18. L1 Norm DdB for the utterance "you" 

Model Order 
15 14 13 12 11 10 9 8 7 6 

Bits 

7 53.6 53.6 53.8 53.5 53.2 53.5 52.9 52.6 52.2 51.8 

8 53.0 52.8 52.8 52.0 51.9 50.1 51.0 49.8 49.6 50.0 

9 49.4 50.0 49.7 48.9 48.7 48.4 48.1 47.4 47.5 47.3 

10 47.9 47.3 46.9 46.4 46.6 45.9 44.8 44.5 43.6 43.9 

11 43.5 44.3 43.8 43.6 42.5 42.6 41.8 41.5 41.0 40.2 

12 41.0 41.5 40.6 40.5 39.9 39.6 38.8 38.3 37.7 36.5 

13 38.1 37.6 37.1 36.6 35.8 35.3 35.0 34.2 33.1 33.0 

14 32.9 32.2 31.7 30.7 29.9 29.7 29.9 29.1 28.3 29.4 

15 27.4 26.8 25.8 25.2 24.2 24.7 25.3 25.2 24.5 26.8 

16 23.0 21.9 21.3 21.1 21.0 21.6 22.8 22.8 22.4 25.2 
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Figure 42. Plot o£ NSRseg(dB) £or the synthesized 
utterance "you··. 
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Table 19. NSRseg(dB) for the utterance "you" 

Model Order 
15 14 13 12 11 10 9 8 7 6 

Bits 

7 17.5 17.4 17.2 16.9 16.5 15.8 15.4 15.4 15.2 15.3 

8 11.9 11.8 11.6 11.3 11.0 10.2 9.9 9.9 9.8 9.9 

9 6.4 6.4 6.3 5.7 5.6 4.9 4.6 4.7 4.5 4.7 

10 1.1 1.1 .9 .7 .3 

Table 20. SNRseg(dB) for the utterance "you" 

(Note . SNRseg(dB) = -l"NSRseg(dB» . 

Model Order 
15 14 13 12 11 10 9 8 7 6 

Bits 

10 .4 .6 .6 .7 .5 

11 4.1 4.1 4.2 4.5 4.8 5.5 5.8 5.7 5.8 5.7 

12 9.1 9.2 9.2 9.5 9.8 10.5 10.7 10.6 10.7 10.5 

13 13.8 13.8 13.9 14.1 14.3 14.8 14.9 14.9 14.9 14.6 

14 17.6 17.6 17.6 17.7 17.8 18.1 18.2 18.1 18.1 17.6 

15 20.2 20.1 20.1 20.1 20.1 20.2 20.2 20.1 20.0 19.4 

16 21.6 21.6 21.5 21.5 21.4 21.3 21.3 21.2 21.1 20.4 



CHAPTER 6 

CONCLUSION 

The perceived quality o£ synthetic speech produced 

by the fixed-point lattice is primarily determined by 

register length and the order o£ the synthesis model. 

These two constraints translate into the number o£ bits R 

used to represent the internal nodes o£ the filter and the 

the number o£ lattice recursions P needed to generate each 

speech sample. Integrated circuit (IC) cost for most 

digital signal processing (DSP) applications is very 

sensitive to register length R. Most real-time speech 

synthesis implementations make use of IC hardware. 

Because o£ this~ register length becomes an important 

factor since it affects cost in terms o£ the size~ speed~ 

complexity and the power requirements o£ the IC implementa

tion. Model order P directly influences data rate which is 

o£ maJor concern in terms o£ data compression. But 

register length also affects data rate. 1£ the reflection 

coefficients are transmitted to the lattice in their 

uncoded £orms~ then the data rate becomes sensitive to the 

product o£ Rand P. It is clear that Rand P determine Ie 

cost and synthesizer performance. 

147 
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The application o£ LPC to speech puts special 

requirements on the DSP algorithms used. The perceived 

quality o£ synthetic speech is Just as important as any 

numerical assessment. Researchers have studied the 

correlation o£ various obJective measures with subJective 

opinion. Out o£ the measures suggested, two have been 

chosen in this study to relate sUbJective opinion to 

synthesizer £ilter per£ormance. The L1 Norm Log Area Ratio 

score was chosen £or its excellent agreement with user 

opinion and its compact parametric £orm (Barnwell and 

Voiers, 1979). The telephone company has done a great deal 

to characterize the per£ormance o£ speech channels in terms 

of SNR data. For this reason a variant of SNRseg), 

suggested by Noll (see Tribolet et al., 1978), which cor

relates well with user opinion was used. Noise simulations 

of the fixed-point synthesizer (based on the analysis in 

Chapter 3) were evaluated by NSRseg(dB), while the 

Log Area Ratio Distance in dB was computed 

parameters of the original and synthetic speech. 

L1 Norm 

from LPC 

The observed sensitivity of NSRseg(dB) and of 

distance in dB to the constraints Rand P are nearly the 

same for this study. There is a 44 dB offset between 

distance in dB and NSRseg(dB), which indicates that a 

perceptual distance of zero decibels for voiced speech 

corresponds to a SNRseg of 44 dB (or better). Since "toll 
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quality" speech, which is rated £or voice communications, 

requires 30 dB or better (Jayant, 1974) a number greater 

than thirty is to be expected. Further, in a study where 

subJective opinion was used to rate ADPCM coder per£ormance 

(Tribolet et al., 1978), band weighted signal energy o£ 

more than 40 dB below the total signal energy was given 

zero weight. This £urther supports the observed o££set o£ 

44 dB between NSRseg(dB) and distance in dB. 

By making use of the results presented in Chapter 

5, the perceived quality o£ synthesized speech may be 

related to the IC synthesizer constraints Rand P. The 

results of this investigation ~re based on voiced speech, 

but the performance of the IC 

how well the voiced frames 

synthesizer is dominated by 

are handled (Jayant, 1974). 

This assertion implies that performance guidelines develop

ed for voiced speech will also be adequate for composite 

speech insofar as the IC synthesizer is concerned. 

There are two significant results in this study. 

The first is that the noise-to-signal ratio data generated 

by the recursive noise model confirm the same trends that 

are predicted by log area distance. The second is that 

the noise model correctly predicts an actual reduction in 

synthesizer performance, where higher order modeling is 

attempted with insufficient arithmetic precision. Further, 

these data indicate that model orders of 8 are attainable 
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if 14 or more bits are used. A model order of 10 gives the 

best performance where 15 or 16 bits are used for 

fixed-point lattice calculations. with 1 dB loss in 

performance where 15 bits are used instead of 16 bits. 

Based on the experimental findings of this study. the use 

of less than 13 bits for model orders exceeding 6 is not 

recommended. 

The performance measures used in this paper are 

obJective mathematical functions. but their validity is 

based on perceptual data. Future research might be 

directed toward applying more of what is known about the 

human auditory system in an attempt to find more accurate 

indicators of the performance of voice systems. The study 

of additional issues. such as the "masking" of high fre

quency energy by that of low frequency energy (see Lindsay. 

1972. p. 256) might provide clues to as why one form of 

distortion is more noticeable than another. 

Additional investigations might involve applying 

the fixed-point lattice filter to classes of signals with 

slightly different statistics. For example. register 

overflow is an infrequent event that can be all but 

eliminated with speech. This has to do with the relation

ship between the maximum amplitude swing and the standard 

deviation of the signal. which is on the order of 4 to 1. 
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Perhaps the error analysis tool presented in this paper 

~ight aid in studying the filtering action of the 

fixed-point lattice in radar or sonar applications. 
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