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ABSTRACT 

Low delay speech coding at 16 kbits/sec has received a tremendous amount 

of attention. One recently proposed scheme that offers excellent performance with 

buffering delays less than 5 msec is Trellis Coded Quantization (TCQ). The pri­

mary objective of this thesis is to evaluate the performance of TCQ in the presence 

of channel errors. When feedback-free encoding circuits are employed, error prop­

agation is not a serious problem. For encoding sampled speech, segmental signal-

to-noise ratios in excess of 20 dB are obtained. Performance comparisons are made 

using a fixed predictor and four different adaptive predictors for both error-free 

and noisy channels. Informal listening tests reveal that the reconstructed speech is 

of "near toll quality" and is almost indistinguishable from the original speech. 
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CHAPTER 1 

INTRODUCTION 

The last few years have witnessed an unprecedented amount of activity in 

digital communications. The benefits of digital representation axe many and well 

known. The most significant of them all is the fact that digital signals are less 

sensitive than analog signals to noise and hence, make a better use of the com­

munication media, although at the expense of an increased bandwidth. Digitized 

signals are also easy to regenerate and store, to error-protect and encrypt, and to 

multiplex, packetize and mix. 

The block diagram of a typical digital communication system [1] is shown 

in Fig. 1.1. The signal from an analog source s(i), typically music or speech, is 

passed through a prefilter and then a sampler to obtain x, which is continuous 

in amplitude but discrete in time. The purpose of prefiltering is to bandlimit the 

input signal so as to minimize the effect of aliasing. Even though the prefiltering 

does introduce its own distortion into the input signal, it is less objectionable than 

aliasing if the bandwidths are properly chosen. Such a procedure is justified by 

the sampling theorem which states that a bandlimited waveform can be exactly 

reconstructed from its samples if the sampling rate is at least twice th~ highest 

frequency component in the original waveform. 

A waveform encoder typically accepts the source sequence x  and provides a 

sequence of symbols y from some finite alphabet (assumed as binary digits through­

out this thesis). This sequence y is then passed through a digital channel. Fig. 1.2 
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S( t )  

SAMPLER WAVEFORM 
ENCODER PREFILTER ANALOG 

SOURCE 

WAVEFORM 
DECODER 

ANALOG 
SINK 

DIGITAL 
CHANNEL 

RECONSTRUCTION FILTER 

Fig. 1.1. Block diagram of a digital communication system. 

shows the individual components of a digital channel. The channel encoder adds 

controlled redundancy to the bit stream so that its inverse, the channel decoder, can 

correctly interpret digital sequences even in the presence of some channel errors in 

the demodulator. The waveform decoder accepts the estimate y of y, and outputs 

the  es t imate  x  of  x .  The f inal  es t imate  of  s( t ) ,  s ( t ) ,  i s  then obta ined by pass ing x  

through a reconstruction filter. It must be remembered that even when the channel 

is free from noise, x is not the same as x. So, given a method of measuring coding 

distortion, the basic work of a waveform coder is to achieve the minimum possible 

distortion for a given encoding rate. 

In the present long distance telephone network, speech is sampled at the 

rate of 8000 samples per second and encoded with 8 bits per sample (encoding rate 

of 64 kbits/sec). For application in networks, a speech coding algorithm has to 

satisfy several performance criteria. These include a level of speech quality high 

enough to withstand multiple stages of coding and decoding, a processing delay 
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Fig. 1.2. Block diagram of a digital channel. 

low enough to withstand echoes and additional delay components in the network, 

and the ability to handle non-speech signals in the telephone band. Algorithms at 

64 kbits/sec (Pulse Code Modulation) [2,3] and 32 kbits/sec (Adaptive Differential 

Pulse Code Modulation) [4] satisfy such requirements and are international stan­

dards. If the encoding rate of the ADPCM algorithm is reduced to 16 kbits/sec, the 

quality of speech produced drops off significantly. This occurs because, when the 

quantization noise increases, the performance of the predictor (which is determined 

by the reconstructed samples) drops, further increasing the quantization noise ef­

fects. Currently, the CCITT (Consultative Committee on International Telephone 

and Telegraphs) is considering defining a low-delay network-quality speech stan­

dard at 16 kbits/sec [5]. An important challenge for the proposed coding algorithm 

is the combination of high quality with low encoding delay (< 5ms). 

Trellis Coded Quantization (TCQ), which was recently introduced, is an 

efficient way of doing data compression [6-9]. It produces high quality speech with 

modest encoding delay and is computationally not very complex. The purpose of 

this thesis is to evaluate the performance of TCQ in the presense of channel errors. 
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Chapter 2 is devoted to reviewing some background material necessary for 

the development of concepts in the subsequent chapters. In Chapter 3, TCQ is re­

viewed and its performance for memoryless Gaussian and Laplacian sources (with 

"and without channel errors) is examined. Chapter 4 deals with predictive source 

coding schemes based on TCQ and DPCM (Differential Pulse Code Modulation). 

In this chapter the performance of a Gauss-Markov source is also dealt with. Chap­

ter 5 deals with the application of the coding scheme to sampled speech. Finally, 

in Chapter 6, the results are summarized. 
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CHAPTER 2 

BACKGROUND 

In this chapter, all the pertinent information required for the complete 

understanding of Trellis Coded Quantization (TCQ) is reviewed. The topics to 

be discussed include Scalar quantization, Lloyd-Max scalar quantizers, Adaptive 

quantizers, DPCM, Predictors, Trellis coding and Coded modulation. 

2.1. Scalar quantization 

Quantization is a process of converting a continuous-amplitude waveform 

into a discrete-amplitude waveform. Consider the block diagram of a typical digi­

tal communication system in Fig. 1.1. Information bearing waveforms are always 

continuous-amplitude and continuous-time in nature. The output from a sampler 

is continuous in amplitude and hence, quantization is necessary to limit the number 

of possible amplitudes to a finite value. Obviously, such a process introduces some 

error (quantization error or noise). Let x(n) be the input to the quantizer at time 

n and y(n) be the approximation of x(n) generated by the quantizer. The quanti­

zation error is given by q(n) = x(n) — y(n). This error represents the fundamental 

limitation of quantized systems, because even in the absence of channel errors x can 

not be exactly recovered. That is, in terms of information content, quantization 

of x destroys information that can never be recovered. Quantization error can be 

reduced by increasing the number of amplitude levels and making amplitude levels 

close to one another. Quantization is a crucial process in a digital communication 
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link, since it determines to a great extent the overall distortion as well as the bit 

rate necessary to communicate the waveform to the receiver. 

Scalar quantization is a procedure for transforming each element in a subset 

of the real line to a particular value in that subset. The simplest form of quan­

tization is amplitude quantization. Amplitude quantization is the procedure of 

transforming a given signal amplitude x{n) at time n into an amplitude y(n) taken 

from a finite set of possible amplitudes. Let the signal amplitude x be specified by 

index k if it is in the interval 

Sjc  =  )  5 k  = 1,2,  

The L-ary number is transmitted to the receiver, typically in binary format. Gen­

eral ly ,  L  is  chosen as  a  power  of  two.  I f  L = 2 f l ,  then a  bi t  ra te  of  R = log 2  L 

bits/sample is needed to inform the receiver about that index. Within each inter­

val, ik is chosen as the reconstruction level for all the elements which fall into that 

interval. At the receiver, for an error-free transmission, we have an output 

x  = Xk ,  i f  x  €  Sk  .  

Perhaps the simplest scalar quantizer is the uniform scalar quantizer. The input-

output characteristic of a uniform quantizer is shown in Fig. 2.1. A uniform 

quantizer can be described by the following two equations, 

X£-f i  Xk — A ,  k  — 1,2, . .L  — 1 

•Efc+l 2-jfc = k — 1,2, ...,.Zj 

where A is the step size. Even though uniform quantization is the simplest way for 

transforming an amplitude-continuous random variable into an amplitude-discrete 
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Fig. 2.1. Input-Output characteristics of an uniform quantizer. 

variable, it is not the most effective way. It is possible to quantize a random variable 

with a smaller distortion (for a given rate) by using non-uniform quantization. 

2.2. Lloyd-Max scalar quantizer 

In this section, the conditions for minimizing the Mean Squared Error 

(MSE) of a quantizer are presented. The source is modeled as a sequence of re­

alizations of a random variable X with probability density function (pdf) fx- If 
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Q = X — X is the quantization error, the MSE (D) is given by 

L r 'k+i  
D = E[Q 2 ]  =  £  / (x-x k ) 2 f x (x)dx  .  (2.1) 

fc=i 

Necessary conditions for a minimum are 

3D 
_ — 0; k  — 2,3 , . . . ,L  
ox k  

§£= 0; k  =  l ,2 , . . . ,L .  

(2.2) 

If f x  is log-concave, i.e., if d 2  log fx (x) /dx 2  is negative, these conditions axe also 

sufficient [1,10]. The above two operations yield [1] 

%k,opt = 2^k>°Pt £k—i,opt\ k — 2,3,...,£ (2.3) 

%l,op t  = ~~00, 2-L-j-l , op t  =  OO 

JXk + l ,opt  x j x { x }£ x  

i k ' o p t  =  fx (x)dx  '  k  =  ( 2 - 4 )  

The log-concave property holds for Gaussian and Laplacian pdf's, the two 

pdf's considered in this work. The first of these equations shows that the optimum 

decision levels are half-way between the neighboring reconstruction levels and the 

second equation shows that the reconstruction level should be the mean of the input 

signal on the given interval. Quantizers satisfying these conditions are known as 

Lloyd-Max quantizers. The output points and corresponding MSE of the Lloyd-

Max quantizers for memoryless sources can be found in [1]. 
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For non-stationary inputs, adaptive quantization can provide a better quan­

tization error performance than non-adaptive quantization. Also adaptive quanti­

zation systems can be less signal-specific. These advantages make adaptive quanti­

zation very attractive. Although sampled speech is often modeled as a stationary 

process, its variance actually fluctuates from speaker to speaker and even from 

time to time for the same speaker. Most adaptation schemes will try to adapt the 

quantizer characteristics according to the change in the input variance. Since the 

variance of the input is time-vaxying, the problem of adaptive quantization is one 

of estimating the variance of the input. Estimation can be done using unquantized 

samples of the input (forward estimation) or the quantized samples (backward esti­

mation). Forward estimation requires some side information to be transmitted and 

often results in large encoding delays. Only backward estimation is used in this 

thesis. Two kinds of adaptive quantizers were used. They are J ay ant's Quantizer 

with a One-Word Memory [1,11] and the adaptation structure proposed by Fischer 

and Dahm [13]. 

2.4. Jay ant's quantizer with a one-word memory 

This is an adaptive quantizer with a one-word memory [1,11]. The one word 

refers to the latest It-bit output of the quantizer. Fig. 2.2 shows the input-output 

characteristics of a 3-bit per sample Jayant's adaptive quantizer with a one-word 

memory. Step size adaptation for this quantizer is of the form 

A(i)  = M(\H(i  — l)|)A(i — 1) (2.5) 
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where M(-)  is a time invariant multiplier that depends on the magnitude of the 

transmitted code word at time i (denoted by |i7(t)|). In practice, the adaptations 

are subject to constraints on the maximum and minimum values of step size. The 

value of Amin controls the level of granular noise with a zero or near-zero input 

while Amax controls the level of overload distortion. For noisy channels, the step 

size is adapted as 

A(t) = — l)|)A^(x — 1) (2.6) 

where the leakage factor /? < 1 helps the system to forget the effects of channel 

errors [1,12]. 

In this thesis, a nonuniform Jayant's adaptive quantizer is used. This quan­

tizer utilizes the adaptation structure in Fig. 2.3. As before, a step size estimate 

is made according to equation (2.5). The input to the quantizer is divided by 

A(i) before scalar quantization. The output of the quantizer is multiplied by A(i) 

to get the quantized output 

2.5. Adaptive quantizer proposed by Fisher and Dahm 

This quantizer uses a Modified Exponential Average Variance Estimator 

[13]. The estimation is given by 

a 2
x ( i )  =  a&l( i~l )  + /ffs?(i - 1) (2.7) 

where a and {3 are constants. Even though this estimator is biased, it performs 

well because of its ability to track the variance of the input signal. This quantizer 

utilizes the adaptation structure given in Fig. 2.4. An estimate of input variance is 
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Fig. 2.3. Adaptation structure used by the Jayant's quantizer. 
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made according to equation (2.7). The input to the quantizer Xi is divided by a x { i )  

before scalar quantization. The output of the quantizer is multiplied by &x(i) to 

get. the quantized output X{, This quantizer is referred to as the variance quantizer 

for the rest of this thesis. 

VARIANCE 
ESTIMATOR 

Fig. 2.4. Adaptation structure used by the variance adaptive quantizer. 

2.6. Differential pulse code modulation (DPCM) 

DPCM is a source coding scheme where waveform redundancy is utilized to 

realize straightforward reduction in bit rate, for a specified quality of digitization. 

The block diagram for DPCM is shown in Fig. 2.5. Each time a data sample 

(Xi) is to be encoded, a prediction residual (d,) is formed as the difference between 

the current data sample and a prediction (2i|,_i) formed using the encoded values 

of previous data samples. This prediction residual is quantized to get di, repre­

sented as bits and then transmitted through the channel. The encoded value of the 

current data sample (£,) is formed by adding the quantized prediction residual to 
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-  - ^O 

Fig. 2.5. Block diagram of a DPCM system. 

the prediction. By exploiting the input signal redundancies, DPCM will realize a 

prediction gain oi Gp = over PCM [1]. 

2.7. Predictors 

The performance and complexity of a DPCM system are directly dependent 

on the predictor algorithm. DPCM systems of low-to-medium complexity use short 

term (or formant) predictors with fixed predictor coefficients to exploit short term 

redundancies on sampled speech. DPCM systems of medium-to-high complexity 

use adaptive predictors matched to the short-term input statistics with or without 

the use of the long-term memory for utilizing the periodicities associated with the 

waveform (pitch prediction). The short term predictors considered in this thesis 

are as follows. 

(1) MCDFIX: second order, all-pole, McDonald's fixed predictor [14]. 

(2) LMSTVL: Least Mean Squares (LMS) all-pole transversal predictor [10,11]. 

(3) CCITT: two-pole, six-zero adaptive predictor based on the CCITT 32 kb/s 

algorithm [12,13]. 
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(4) LMSLAT: fourth order all-pole LMS lattice predictor [10,11]. 

(5) LSLAT: fourth order all-pole Least Squares (LS) lattice predictor [10,11]. 

The algorithms for all these predictors are described in the next few sections. 

2.8. Fixed predictor (MCDFIX) 

A DPCM coder uses linear prediction of the input of the form 

where hj , j  = 1,2,...,7V are the predictor coefficients. For the fixed predictor, 

the predictor coefficients were calculated using McDonald's long-term sample au­

tocorrelation values for sampled speech [14]. Input statistics axe time-varying for 

nonstationary signals such as speech and, as a consequence, time-varying predictors 

should yield better performance. Using an adaptive predictor definitely improves 

the performance of the predictor and, hence, most speech coders use an adaptive 

predictor. 

2.9. Least squares lattice predictor (LSLAT) 

The Least Squares Lattice (LS Lattice) algorithm [15,16] for an L t h  order 

predictor is defined as follows. 

Initial Conditions: 

N 

j=l 

eo( i )  =  r 0 (0  = Xi- i  
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f lo(i)  =R fo(i)  = uR{{i-  1) + el( i)  

and 

7-i = 0 • 

Do the following operations for I  — 0,1,2,..., L — 1: 

r /• i\ i ei(i)r,(i-l) 
ki(i) = 1) + —— ... 

1 — 

k{(i)  = 
k t( i)  

R{(i)  

kt( i)  = 
_ *'(0. 

iZ/+1(i) = [R{(i)  -  ti( i)ki( i) \v  -2  

2 iZf+1(0 = [i2?(i-l) - kfi^ktii^u-

. . .  . . .  r j  ( i  — 1)  
71(0 = ^ 

e i+i(0 = ei( i)  - fcf(t)rj(i-l) 

r,+i(i) = r,( i-  1) -  kf(i)ei( i)  .  

Finally the predicted value of x,-, given , j  = 1,2,... is given by 

Z.-1 

= ]Cr'(*)fc?(0 
J=o 

or more simply, by 

®i|i-i = ®«-1 — ez,(i) . 

i2f(0) and i2/(0) ,/ = 0,1,..., Z> — 1 need to be set to a small number to avoid 

division by zero, u; is an exponential weighting factor from a cost function used 

in deriving the LS Lattice algorithm, v is an exponential damping factor used to 

discount past data so that channel errors can be forgotten and L is the order of 

the predictor. 
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The Least Mean Squares Lattice (LMS Lattice) algorithm [15,16] for an 

Lth order predictor is defined as follows. 

Initial Conditions: 

eo(0 = r0( i)  — i,-i . 

Do the following operations for n = 0,1,2,L — 1: 

e„+i(0 = en( i)  -  kl( i)rn( i-  1) 

r„+i(*') = rn( i  — 1) -  k£(i)en( i)  

Ha) = ma = 

in(2 + l)  = u>kn( i)  + ve„{i)rn{i  -  1) 

Dn( i  +1) = wD„(0 + el( i)  .  

Finally the predicted value of a:,-, given , j  = 1,2,... is given by 

L-1 

i=o — - ,  

D„(0) is set to a low value to avoid division by zero. 

2.11. LMS transversal predictor (LMSTVL) 

In a DPCM system, the predicted value is given by the equation 

N 
Xj|i—i —- ^  ] 0 ,n( i  l)i|_n 

n=l 
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or in vector notation 

&i\i-1 = X%(i-l)A(i- l)  

where A(i  — 1) is a vector of predictor coefficients and Xw(i — 1) is the vector of 

previous reconstructed values. The update for the coefficients [8] is of the form 

A(i  +1) = vA{i)  + (1 -  u)A* + K(i)di  

where K(i)  is a vector of gains and A* is a constant set of predictor coefficients. 

A* was chosen to be the fixed second-order McDonald coefficients, v is a damping 

factor which allows the system to forget the past values and causes the coefficients 

to decay to a fixed set A*. The LMS Transversal algorithm [15,16] is given by 

K(i\  %n(i  — 1)  
K<f) = 10 + fl(i-l) 

where 

D(i)  = a>D(i -  1) + xf ,  D(0) = C .  

The term D(i)  is the exponentially weighed sum of the squared reconstructed se­

quence and acts as the automatic gain control in the algorithm. The term 10 

prevents a possible division by zero. 

2.12. Pole-zero predictor (CCITT) 

This predictor is used in the 32 Kbits/sec CCITT standard [1,17] for AD-

PCM. This adaptive predictor is a combination of all-pole and all-zero components. 

The block diagram of a DP CM system with a pole-zero predictor is shown in Fig. 

2.6. Since the error-sensitivity increases with the order of the predictor, the order 
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+ 

s .  

2.6. Block diagram of a DPCM system with the pole-zero predictor. 

of the all-pole predictor is restricted to second-order. The presence of a sixth-

order all-zero predictor increases the stability of the predictor in the presence of 

transmission errors. 

The prediction of x(n) is given by 

2 6 

j=l  j=i  

The adaptations of the all-zero coefficients gj(i) is given by 

gj(i  + 1) = (255/256)gj( i)  + (l/128)sgn (d,)sgn (i,-,) . 

The adaptation of all-pole coefficients is given by 

6 

y'(*)  = di + ^2 
j'=i 

hi(i  + 1) = (255/256)/ii(t) + (3/256)sgn y'(i)sgn y'( i  — 1) 

M2' + 1) = (127/128)^2(0 + (l/128)sgn y'(0sgn y'{i - 2) 

- (l/128)/[/ii(0]sgn y'(0sgn y'(n - 1) 
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- {££1 
), if M0| < 1/2; 
fti(t), if > 1/2. 

Decoder stability in the presence of transmission errors is ensured by the following 

constraints on the all-pole coefficients 

All the prediction schemes discussed so far have utilized the neighboring 

samples for the prediction of the current sample. This kind of adjacent-sample 

based speech-prediction is called spectrum or formant prediction. It is a well known 

fact that voiced speech segments are quasi-periodic. Predictors which make use of 

this property axe called pitch predictors. In speech, the pitch period is also time-

varying and so the pitch predictor has to update it periodically. For speech, it is 

advantageous to use both pitch prediction and formant prediction. 

Fig. 2.7 shows the block diagram of a DPCM system with both types 

of predictors. For convenience, assume that the algorithm uses only one distant 

sample for the pitch prediction [1,18]. That is 

where M is the pitch period. The residual after both predictions is given by 

N  

d i  = f i S i — M  ^ j  h j X i - j  

3=1 

-0.75 < h2( i)  < 0.75; |fci(i)| < 15/16 -  k2( i)  .  

2.13. Pitch prediction 

= P$i-M 
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Fig. 2.7. Block diagram of a DPCM system with formant and pitch predictors, 

where the short-term predictor uses N adjacent samples for prediction. 

The predictor design is based on minimizing the energy of d{. i.e., 

E = £<*? 
«ew 

where W includes all samples of a speech segment during which /? and M remain 

fixed. A suboptimum solution can be obtained by minimizing the energy in two 

steps. In the first step Ei, given by 

E, = J2(si-0ii-U)2 , (2.8) 
i € W  

is minimized by setting dEi/d/3 to zero. Making dEi/dp = 0 in equation (2.8), we 

get the optimum value 

ftp, = ^S'SrM • (2.9) 
2-fi S i - M  

In the second step, one finds the optimum coefficients of the short-term 

predictor using one of the schemes discussed in the previous sections. Since the 
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pitch period is also time-varying, it has to be updated periodically. There are 

several algorithms for the pitch measurement. The one which was used in this 

work is obtained by substituting /?opt in equation (2.8) to get 

2 

iew t -M 

Therefore, E\ can be minimized with respect to M by maximizing 

( ) 

P2W) = f  -» r  J  • (2-10) 
2->i Si t—ii Si-M 

The pitch period is assumed to have a minimum and a maximum value of 16 and 160 

samples respectively. The search window W is in the order of 256 samples. Since 

the speech samples s j are not available at the decoder, either some extra information 

should be transmitted or the algorithm should make use of the quantized samples 

(Si). Since backward prediction was chosen, only the quantized samples will be used 

for pitch prediction. This will result in sub-optimal performance. But, when the 

quantized samples are very close to the speech samples, degradation in performance 

will not be very appreciable. 

Generally, the pitch predictor makes use of three distant samples for pre­

diction. i.e., 
l 

1 = ^  ̂  PjSi-M-i  (2*11) 
j=-i 

where M is chosen to maximize equation (2.10) as before. The values of /?j, j  = 

—1,0,1 are then chosen to minimize 

256 

Ei = (2.12) 
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where 

=  ^ 2  P i h - j - M - i  •  (2.13) 
l=-1 

Applying (2.13) in (2.12), we get 

256 * 1 v 2 
Ei -  (s,-> ~ X) Pi$i- i-(M+i)). 

j=iv /=-i ^ 

Hence, making dEi/dflk = 0, we get 

256 1 256 

^ y(^»—j ^«—j—(M+fc)) = ^ ^ j $i—j—(M-ffc)) & == 1)0,1. (2.14) 
j=l /=-l J=1 

This equation results in three simultaneous linear equations which have to be solved 

to obtain the optimum values of /?_i, /?o and /3j. Let 

256 

<!>(k, 1) = •  

j = l  

(2.15) 

Using equation (2.15) in equation (2.14) and writing (2.14) in matrix notation as 

a = $j3, we get 

( t t -M,-- 1 ) ]  •K-i, - i )  <S>{ o,-- i )  <K i , - i )  
<K-M, 0) = <S>{-1, 0) <i>{ o, 0) 1, o) 
<K-M, 1) J I *(-i, i) <f>( o, i) i, i) 

@o . (2.16) 
.  01 .  

a is a vector of correlation terms, ^ is a matrix of correlation terms and ft is 

a vector of predictor coefficients. The above matrix equation is solved for the 

optimum values of the pitch predictor coefficients. 

It was found that the predictor coefficients obtained from solving equation 

(2.16) are too finely tuned to previous data [19]. Hence they are softened by mul­

tiplying the diagonal elements of matrix 4> by 1.001. The set of pitch predictor 

coefficients, obtained from above, may result in an unstable pitch synthesis filter. 
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Hence a stabilization technique, which results in multiplying the predictor coeffi­

cients by a factor c, is applied. The value of the scale factor c, is obtained by the 

following equations [20]. 

Let a = + fa, b = /?_i — fa . If |a| > |£>|, then 

1 c = 
|/?_l| + |/?o| + \fa1 

Else, if b2 < |a|, then 

If b2 > |a|, then 

|a| + | Ail 

I b2 — a2 
c = 

6 4  + VP 2  -  b 2 a 2  

Since, backward prediction is used in this work, the pitch predictor parameters can 

be updated on a sample-by sample basis without any penalty in transmission rate. 

Unfortunately, the computational burden of such a procedure is unmanageable and 

hence, the predictor coefficients will be updated every 20 samples. 

2.14. Trellis coding 

Trellis Coding is a source coding scheme which makes use of encoding delay 

to provide efficient digitizations of analog inputs (delayed decision coding) . But, 

the computational burden for this scheme can be enormous. 

A trellis is a transition diagram, expanded in time, of a finite-state machine 

[21]. Consider the finite-state machine in Fig. 2.8. Each of the boxes are binary 

storage elements (or delay elements). The encoder uses a modulo-2 adder. The 
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state of the machine is just the contents of the storage elements. The transition 

diagram for this encoder is as drawn in Fig. 2.9. At any time, given the state of 

the machine and the input, the output can be easily obtained from the transition 

diagram. Let the storage elements be labeled as s<> and si- J£so = 0 and si = 1, the 

state of the machine is written as sosi = 01. Given the state of the machine and the 

input x, the state transition is represented by the input which causes the transition 

and the corresponding output. That is, the state transition is represented in the 

©—•' 

Fig. 2.8. A finite-state machine. 

1/11 

1/10 

0/00 

0/01 1/00 

1/01 
,0/10 

0/11 

Fig. 2.9. Transition diagram for the finite-state machine. 
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A trellis is just a transition diagram which is expanded in time. The trellis 

for the above finite-state machine is as drawn in Fig. 2.10. Each node represents 

a state and each branch represents a transition. Specifying a path through the 

trellis is the same as specifying the sequence of state transitions. In general, for an 

encoding rate of R bits per sample, there can be 2R branches leaving each node 

and hence a path through the trellis can be represented by a sequence of R bit 

codewords. 

o/oo 

i/iff 

o/oi 

l/i 
0/11 

1/00 

0/11 

1/01 

Fig. 2.10. Trellis diagram for the finite-state machine. 

The Euclidean distance between two sequences, say x and x, is given by 

rf(x,x) = 

\ 
-  X i f  

i =  1  

and hence, given x, finding x which minimizes d(x, x) is the same as finding the 

sequence that minimizes pn(x,x) = ^cP(x,x) where pn(x,x) is the mean squared 

error distortion measure. 



Consider associating a symbol from some output alphabet with each branch 

in the trellis. Then a sequence of R bit code words can be used to specify the se­

quence of output symbols (x,) associated with a specific trellis path. Specifying 

the output symbols for each branch and the initial state yields a set of allowable 

output sequences C = (xi,x25 where K = 1Rn and n is the length of each 

output sequence. Given a trellis populated with symbols from some output alpha­

bet  and an input  sequence x  of length n,  a  trel l is  coder outputs  the sequence of  R 

bit codewords which minimizes the distortion between x and x (/9„(x,x)). Instead 

of searching over all the possible K sequences, using the Viterbi algorithm [22] 

vastly reduces the computational burden. The Viterbi algorithm is summarized as 

follows. Given an input sequence x of length n and the initial state, the distortion 

associated with each path diverging from the initial state is calculated. At any time, 

if there is more than one path merging into one state, only the path with the small­

est distortion is considered (survivor). The number of survivors increase each time 

unti l  there is  one for  each state.  The number of  survivors remain a  constEint  a t  N 

(the number of states) irom then on. When the encoding is performed n times, the 

sequence in C which minimizes the overall distortion /9„(x,x) = £ ]C"=i 

is just the survivor with the lowest overall distortion. 

The encoding delay and the computational burden of trellis coding restricts 

its use to low encoding rates (< 2 bits/sample). The Viterbi algorithm is optimum 

in the sense that it always finds the minimum distortion path through the trellis. 

The major disadvantage of the Viterbi algorithm is the fact that the computational 

burden increases with the number of encoder states. This exponential dependency 
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on the number of delay elements (D) limits the usefulness of the Viterbi algorithm 

for D greater than 8 (256 states). 

2.15. Coded modulation 

For uncoded amplitude modulation, a binary input sequence is mapped to 

m bit words. These m bit words choose one of M = 2m allowable output symbols. 

Clearly, any combination of output symbols is possible. The decoder finds the 

sequence of output symbols which is closest in Euclidean distance to the received 

sequence. The decoder makes an M-ary nearest-neighbor decision on a sample-by-

sample basis. 

In Coded Modulation [23-25], to achieve an encoding rate of m bits/sample, 

the signal constellation (2m) is doubled (to 2m+1) and then partitioned into 2m+1 

subsets where rh is an integer less than or equal to m. m input bits are expanded by 

a m/(7fi + 1) convolutional encoder [21] and used to select which of the subsets the 

output symbols for the current modulation interval will come from. The remaining 

(m — fh) bits select one output symbol from the 2m-m symbols in the selected 

subset. Since the m +1 output bits of the convolutional encoder are used to select 

the subsets, sequences of signal subsets can be specified as paths through the trellis. 

For example, consider the 2 bit/sample signal constellation for amplitude 

modulation as shown in Fig. 2.11. This signal constellation is doubled in size and 

is partitioned into subsets (in this case, two symbols in each subset), as in Fig. 

2.12. Consider the rate 1/2 convolutional encoder in Fig. 2.8 and its trellis in 

Fig. 2.10. This trellis is reproduced in Fig. 2.13 with the outputs replaced by the 
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label of the subsets they choose. The first bit is used to specify the path through 

the trellis and the other bit is used to specify the output symbol from the chosen 

subset. These sequence of output symbols are then transmitted through a channel, 

which is assumed to be corrupted by additive, white, zero mean Gaussian noise. 

The decoder uses the Viterbi algorithm to find the sequence of allowable output 

symbols which is closest in Euclidean distance to the received sequence. A simple 4-

state Coded Modulation can achieve a coding gain of about 3 dB over conventional 

Amplitude Modulation [24]. This coding gain is achieved without compromising 

bandwidth efficiency. 

—3d/2 —d/2 d/2 Zd/2 

Fig. 2.11. Signal constellation for 2 bit per sample amplitude modulation. 

-7di —5di -3di -<fj di 3cfi 5<*i 7rfi 

* = -̂ = 
4n/L05 

Fig. 2.12. Signal constellation and partition for 2 bit per symbol 
coded amplitude modulation. 



a/Do 

Fig. 2.13. A 4-state trellis diagram with subset labeling. 
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TRELLIS CODED QUANTIZATION OF MEMORYLESS SOURCES 

In this chapter, Trellis Coded Quantization (TCQ) for Memoryless sources 

is briefly reviewed. The performance of TCQ for the Gaussian and Laplacian 

sources, with and without channel errors, is evaluated. 

TCQ [6,7] gets its idea of set partitioning and signal set expansion from Trel­

lis Coded Modulation. For encoding memoryless sources at a rate of R bits/sample, 

TCQ employs Ungerboeck's amplitude modulation trellises. A scalar codebook 

having 2fl+1 codewords is chosen and partitioned into four subsets with each subset 

containing 2R~1 codewords. For example, for an encoding rate of 2 bits/sample, the 

output points and partition along with Ungerboeck's amplitude modulation four 

state trellis is given in Fig 3.1. These subsets are then used to label the branches 

of a suitably chosen trellis. For a given data sequence x, the Viterbi algorithm is 

used to find the allowable sequence of codewords x that minimizes /3„(x, x). The 

output sequence x, chosen by the Viterbi algorithm, can be represented by the 

sequence of bits which specify the corresponding path through the trellis along 

with the R — 1 bit code words required to specify symbols from the chosen subset. 

These bit sequences are then transmitted through the channel. At the receiver, 

the bit sequence that specifies the path through the trellis is used as an input to 

a convolutional coder. The output of the coder selects the proper subset and the 

sequence of R — 1 bit code words select the correct symbol from the chosen subset. 
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O/Do 

i/z5j\ X 

Do D\ Dt D3 Do Di Dj D3 
— . —|—• > • 

0 IDjy^ \ 

l/fi 

Fig. 3.1. (a) Ungerboeck's 4-state amplitude modulation trellis, 

(b) Output points and partition for 2 bit per sample TCQ. 

For encoding memoryless sources at an encoding rate of R bits/sample using 

a reproduction alphabet with 2fi+1 codewords, TCQ requires only 4 multiplies, 

2N + 4 adds, N compares and 4 rate-(i? — 1) scalar quantizations per data sample, 

where N is the number of states in the encoding trellis. This encoding complexity 

is roughly independent of the encoding rate and is only a fraction of that required 

by other source coders of comparable performance [6]. 

3.1. TCQ of Gaussian and Laplacian sources 

Simulation results for encoding memoryless Gaussian and Laplacian sources 

using TCQ with Ungerboeck's amplitude modulation trellises and the optimized 

output alphabets from [7] are listed in Tables 3.1 and 3.2, respectively along with 

the corresponding Lloyd-Max quantizer performance and distortion rate function 

values for various rates of interest. Tables 3.1 and 3.2 have been reproduced here 
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from [6]. Each simulation was carried out by encoding 100 sequences of length 1000 

samples each. The performance of TCQ is very good when compared to that of a 

Lloyd-Max quantizer. A simple 4-state TCQ, at an encoding rate of 2 bits/sample, 

outperforms the Lloyd-Max quantizer by 1.26 dB for the Gaussian source and 1.87 

dB for the Laplacian source. The performance of TCQ improves as the number 

of trellis states increase. A comparison of performance for various source coding 

schemes for memoryless Gaussian and Laplacian sources can be found in [6]. 

Table 3.1. 
Trellis Coded Quantization performance for the memoryless Gaussian 

source using optimized output alphabets. 
(Values are listed as SNR in dB.) 

Rate 
(bits) 

Trellis Size (States) Lloyd-
Max 

Quantizer 

Distortion 
Rate 

Function 
Rate 
(bits) 4 8 16 32 64 128 256 

Lloyd-
Max 

Quantizer 

Distortion 
Rate 

Function 
1 5.00 5.19 5.27 5.34 5.43 5.52 5.56 4.40 6.02 
2 10.56 10.70 10.78 10.85 10.94 10.99 11.04 9.30 12.04 
3 16.19 16.33 16.40 16.47 16.56 16.61 16.64 14.62 18.06 

Table 3.2. 
Trellis Coded Quantization performance for the memoryless Laplacian 

source using optimized output alphabets. 
(Values are listed as SNR in dB.) 

Trellis Size (States) Lloyd- Distortion 
Rate Max Rate 
(bits) 4 8 16 32 64 128 256 Quantizer Function 

1 4.34 4.47 4.56 4.63 4.72 4.78 4.83 3.01 6.62 
2 9.41 9.56 9.64 9.70 9.79 9.85 9.90 7.54 12.66 
3 14.87 15.00 15.03 15.13 15.22 15.27 15.37 12.64 18.68 

The results presented in Tables 3.1 and 3.2 were obtained by encoding large 

blocks. Each block was encoded by the Viterbi algorithm and then released. This 
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leads to large encoding delays which can be unacceptable. To reduce this encoding 

delay, a variable delay symbol release rule was proposed in [9] and is summarized 

as follows. At time i = kd + nkr (n > 0, an integer) in the Viterbi encoding process, 

the best survivor is traced back kd steps in the trellis and kr encoded symbols axe 

released. The path metrics of any survivors, which do not merge with the best 

survivor at time i — kd + kr (when traced back from time i) are set to infinity. 

The delay in this process is kd samples. Ideally, kd should be made as large as 

possible while keeping the encoding delay to a reasonable value. For a fixed kd, a 

value of kr = 1 maximizes the performance. Unfortunately, the trace-back burden 

per sample, which is determined by how often one must perform a "trace-back", is 

proportional to kd/kr and may become excessive for kd much greater than kr. A 

value of kdjkr of one or two is usually a reasonable choice. 

To get some better insight into what values of k r  and kd should be chosen 

in a practical system, the SNR for encoding the memoryless Gaussian source using 

Ungerboeck's 4-state amplitude modulation trellis and the optimized output alpha­

bets  from [7],  is  plot ted for  various values of  k r  and kd (Fig 3.2) .  For a  fixed k r ,  

increasing kd has an effect of increasing the SNR. When kd is very large compared 

to kr, there is only a small decrease in SNR and all the curves converge to the 

maximum possible value. Graphs similar to Fig. 3.2 can be constructed for other 

encoding rates and larger trellis states. The conclusion from such a study is that 

for an N state trellis, choosing kd = 101og2 N and kr = 5 log2 N is sufficient to 

achieve most of the gain that is possible (by the block release). This performance 

is achieved with negligible trace-back burden (kd/kr = 2). 
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Fig. 3.2. SNR for encoding the memoryless Gaussian source. 

3.2. Noisy channel performance of TCQ for memoryless sources 

Error propagation in a TCQ system is largely dependent on the type of 

convolutional encoder used to generate the trellis. A single channel error in a TCQ 

system employing an encoder with feedback has a potential to cause all subsequent 

source decoder outputs to be in error, since errors can propagate indefinitely in 

an encoding circuit with feedback. Fortunately, for every minimal encoder with 

feedback, there exists a minimal feedback-free encoder in which a single bit error 

can affect no more than 1 + log2 N outputs [25]. Fig. 3.3 shows the performance 

of eight-state TCQ systems (in the presence of channel errors) using the two types 

of encoding circuits at a rate of 2 bits/sample for the memoryless Gaussian source. 

For this work, a Binary Symmetric Channel (BSC) with transition probability e is 



44 

assumed. Clearly, the TCQ system employing a feedback-free encoder is superior 

to the one employing an encoder with feedback. For the TCQ system employing a 

feedback-free encoder, the effect of channel errors is insignificant when the proba­

bility of error is less than 1 X 10-3 and at high probabilities of error (e > 1 X 10~3), 

degradation in the performance of TCQ is quite graceful (as the channel errors 

become more pronounced). All performance results and all discussions from this 

point forward assume the use of feedback-free implementations. 

feedback-free 

feedback 

03 •o 
•S 

1(H 

probability of enor 

10-i 

Fig. 3.3. Noisy channel performance of encoders with and 
without feedback. 

To see how TCQ systems perform in the presence of channel errors as the 

trellis size is increased, the SNR for encoding memoryless Gaussian and Laplacian 

sources at 2 bits/sample is plotted for various trellis sizes (4, 32 and 256 states) 
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and probabilities of error (Fig. 3.5 and 3.6). As expected, at high probabilities 

of error, a 4-state TCQ system performs better than a 32-state or 256-state TCQ 

system since errors propagate for a. longer time as the trellis size is increased. 

1 — 256 States 
2-32 Slates 
3 - 4  S t a t e s  

10-1 10-* 

probability of error 

Fig. 3.5. Noisy channel performance of the memoryless Gaussian source. 
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1 — 256 Slates 
2-32 States 
3 - 4  S t a l e s  

10-i 10' 10-« 

probability of error 

Fig. 3.6. Noisy channel performance of the memoryless Laplacian source. 
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CHAPTER 4 

PREDICTIVE TRELLIS CODED QUANTIZATION (PTCQ) 

In this chapter, the noisy channel performance of PTCQ for encoding a 

first-order Gauss-Markov source at 2 bits/sample is evaluated. 

Consider the Differential Pulse Code Modulation (DPCM) structure. Each 

time a data sample is to be encoded, a prediction residual is formed as the difference 

between the current data sample and a prediction formed using the encoded values 

of previous data samples. This prediction residual is quantized, represented as bits, 

and then transmitted through the channel. The encoded value of the current data 

sample is formed by adding the quantized prediction residual to the prediction. 

Consider now, a predictive TCQ system. At time i  in the encoding process, 

each survivor path specifies a sequence of output symbols which serve as approx­

imations of previous data samples. Clearly, a prediction residual can be formed 

for each node (or state) as the difference between the current data sample and a 

prediction formed using the output symbols specified by the survivor path associ­

ated with that particular node. For each branch emanating from a given node, a 

scalar quantization is performed to find the element of the corresponding subset 

that is closest to the prediction residual associated with that particular node. The 

distortions incurred by performing these scalar quantizations for each branch are 

added to the old survivor distortions and the path with the least distortion for each 

node at time i + 1 is chosen as the new survivor. Finally, the encoded value of the 
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data sample is computed for each survivor path by adding the prediction associated 

with the appropriate node to the corresponding quantized prediction residual. 

Let x = {xi, X2,—, a:n} be the data sequence to be encoded. The ith step in 

the encoding process can be described more precisely as follows. At time i — 1, let 

the survivor path ending at  node k be cal led survivor-and let  i f -  ,  k = 1,2, . . . ,  N 

be the encoded value of Xi-j ,j = 1,2,..., associated with survivor-/:. Let be 

a prediction for the current data sample, Xi, formed using the previously encoded 

values Xj • ,j = 1,2,..., and let d1- be the prediction residual associated with 

node k. Let pi-i(x,xfc) be the distortion associated with survivor-/:. There are 

two branches labeled with subsets entering and leaving each node. Let the subset 

c o r r e s p o n d i n g  t o  t h e  b r a n c h  l e a v i n g  n o d e  k  a n d  e n t e r i n g  n o d e  I  b e  d e n o t e d  b y  D f .  

For each such subset, a scalar quantization is performed to find the element of the 

subset that is closest to the prediction residual df. Let that element be denoted 

by Df. For each branch, the elements not selected by the scalar quantization are 

discarded. The elements associated with the two branches entering node I axe then 

jDf1 and JDf2, where ki and &2 are the two nodes from which these two emanate. 

Then 

= , min |p,-_i(x,xfc) + (4-.D,*)2) (4.1) 

and x\ = + D\\ where k' is the value of k that achieves the minimum in 

equation (4.1). This procedure is repeated until the end of the data sequence is 

reached (k = n). As before, 1 bit per data sample is required to specify the path 

through the trellis and R — 1 bits per sample to specify the element from the chosen 

subset. The decoder uses these bit sequences to produce the sequence of quantized 

prediction residuals associated with survivor-fc', where survivor-fc' is the survivor 
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with the least overall distortion. This sequence of quantized prediction residuals is 

then passed through a standard DP CM decoder to get the reconstructed sequence 

if, i = 1,2, ...,n. 

4.1. PTCQ of Gauss-Markov sources 

Gauss-Markov sources are defined by 

L 
x» = "Ylaixi-j + w> 

where {a, :  j  — 1,2,..., L) is a set of real coefficients and W{ is an element of an i.i.d 

sequence of realizations of a zero mean, Gaussian random variable. These sources 

axe often used as models of sampled speech. The coefficients of these sources can be 

calculated from the long-term sample autocorrelation function values of sampled 

speech [14]. The coefficients for various Gauss-Markov sources can be found in [6]. 

In this thesis, only a first-order Gauss-Markov source (ai = 0.9) is considered. This 

source is often referred to as an AR(1) source. 

Simulation results for encoding the above mentioned Gauss-Maxkov source 

using output alphabets that were optimized for the memoryless Gaussian source are 

given in Table 4.1 for various encoding rates. For comparison, the performance of 

scalar DPCM systems using Gaussian Lloyd-Max scalar quantizers and distortion 

rate function values are also tabulated. Table 4.1 has been reproduced here from 

[6]. As before, each simulation was carried out by encoding 100 sequences of length 

1000 samples each. The performance of PTCQ is very good when compared to 

the corresponding DPCM system. For the 256-state system, the SNR is at least 
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2.29 dB better than the corresponding DPCM system. The performance of PTCQ 

systems for other Gauss-Markov sources can be found in [6]. 

Table 4.1. 
Predictive Trellis Coded Quantization performance for the AR(1) source 

using the optimized output alphabets. 
(Values are listed as SNR in dB.) 

Rate 
(bits) 

Trellis Size (States) 

DPCM 

Distortion 
Rate 

Function 
Rate 
(bits) 4 8 16 32 64 128 256 DPCM 

Distortion 
Rate 

Function 
1 11.19 11.60 11.89 12.13 12.22 12.41 12.49 10.00 13.23 
2 17.21 17.69 17.95 18.13 18.24 18.33 18.41 16.07 19.26 
3 22.92 23.40 23.60 23.78 23.90 23.90 23.98 21.69 25.27 

The results presented in Table 4.1 were obtained by encoding large blocks. 

As discussed before, this leads to large encoding delays which can be unacceptable. 

As in the memoryless case, a variable delay symbol release strategy with kj = 

101og2 N and kr = ri Iog2 N was found to be sufficient to achieve most of the gain 

that is possible. The SNR for encoding the AR(1) source with the variable delay 

symbol release (with kd and kr chosen as above) at 2 bits/sample was found to be 

no worse than 0.05 dB from the performance values in Table 4.1. 

To evaluate the performance of PTCQ in a noisy channel, the SNR for 

encoding the AR(1) source at 2 bits/sample is plotted for various trellis sizes (4, 

32 and 256 states) and probabilities of error (Fig. 4.1). As in the memoryless 

case, a 4-state PTCQ system performs better than the 32-state or 256-state system 

as the channel errors become more pronounced. At very low error probabilities 

(e < 10-4), the 256-state system is better than the 4-state system by at least 1.2 

dB. 
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Fig. 4.1. Noisy channel performance of AR(1) source. 
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CHAPTER 5 

PTCQ OF SAMPLED SPEECH 

In this chapter, the performance of PTCQ for encoding sampled speech 

is evaluated. Performance comparisons are made with a fixed predictor and four 

different adaptive predictors for both error-free and noisy channels. Simulation 

results are presented for an encoding rate of 2 bits per sample. The performance 

of each coder is reported by tabulating both the SNR and the segmental SNR 

(SEGSNR). The SNR is computed as 

and the SEGSNR is calculated by grouping the data into K non-overlapping seg­

ments, computing the SNR for each segment and then finding their average. That 

is, 

where SNRk is the SNR of the fcth such segment. 

Each simulation referred to in this chapter was conducted by encoding 

data obtained from sampling the sentences in Table 5.1 at a sampling rate of 8000 

samples/sec and then uniformly quantizing the samples with a resolution of 12 

bits/sample. Each sentence is roughly 2 sec of speech. The size of the segments 

used in the computation of SEGSNR's was 160 samples which corresponds to 20 

msec of speech. 

SEGSNR 
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Table 5.1. 
Sentences used to test source coders for sampled speech. 

1. The pipe began to rust while new. (Female speaker) 
2. Add the sum to the product of these three. (Female speaker) 
3. Oak is strong and also gives shade. (Male speaker) 
4. Thieves who rob friends deserve jail. (Male speaker) 
5. Cats and dogs each hate the other. (Male speaker) 

5.1. Fixed prediction/fixed residual encoding 

In this section the performance of fixed prediction/fixed residual encoding 

PTCQ systems for encoding sampled speech at 2 bits/sample is evaluated. Output 

alphabets that were optimized for the Laplacian source axe used as the output al­

phabets of PTCQ systems for encoding sampled speech. The Laplacian alphabets 

axe used since the prediction error in DP CM systems can be reasonably modeled as 

realizations of a Laplacian random variable [11, 27]. The fixed predictor coefficients 

are calculated using McDonald's long-term autocorrelation function values for sam­

pled speech [14]. For the second-order fixed predictor, the predictor coefficients axe 

given by hi = 1.515 and /12 = —0.752, respectively. 

It was determined in [9] that, for encoding sampled speech, 5 log2 N and 

2.51og2 N axe reasonable choices for kd and kr, respectively. These values lead to 

an encoding delay of only 5 msec for a 256-state trellis and a trace-back burden 

proportional to kd/kr = 2. 

Simulation results for encoding each sentence in Table 5.1 using the variable 

delay symbol release rule (with kd and kr chosen as above) are reported in Table 
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5.2. For comparison, the performance of a scalar DPCM system using the same 

predictor along with the Laplacian Lloyd-Max quantizer is also tabulated. 

Table 5.2. 
Performance of PTCQ with fixed prediction and fixed residual encoding 

for encoding sampled speech at 2 bits/sample. 
(Each entry is in the form SNR/SEGSNR in dB.) 

Sent 

Trellis Size (States) 

DPCM Sent 4 8 16 32 64 128 256 DPCM 

1 15.70/9.16 16.26/10.01 16.73/11.77 16.89/10.64 16.94/10.65 17.26/10.77 17.48/10.99 13.78/7.64 

2 16.32/9.60 17.44/10.50 17.65/10.72 17.61/11.10 18.23/11.27 18.60/11.36 18.67/11.75 14.56/7.95 

3 15.71/10.12 16.73/11.03 16.97/11.88 17.25/11.67 17.38/11.37 17.57/11.91 17.60/11.98 14.02/8.58 

4 8.26/8.32 8.58/8.81 8.65/9.63 8.71/9.33 9.00/9.50 9.33/9.59 9.35/9.74 6.42/6.30 

5 13.45/8.78 14.02/9.50 14.24/10.60 14.48/1-0.12 14.70/10.36 14.88/10.42 15.13/10.89 11.57/6.98 

The performance of PTCQ systems shows significant improvement over 

that of the corresponding DPCM system. For the 4-state system, the performzince 

gains in SEGSNR ranges from 1.52 dB to 2.02 dB. The performance of PTCQ 

systems improves as the trellis size is increased. The improvement in SEGSNR of 

the 256-state system over the 4-state system ranges from 1.42 dB to 2.15 dB, with 

the largest gain corresponding to sentence 2. 

5.2. Fixed prediction/adaptive residual encoding 

Although substantial gains have been made over scalar DPCM, the 

SEGSNR values reported in Table 5.2 are fairly small. The performance of speech 

coders can be vastly improved by employing an adaptive quantizer. In this section, 
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the performance of PTCQ is evaluated using the two adaptive quantizers discussed 

in Chapter 2. 

Jayant's quantizer mates use of the adaptation structure in Fig. 2.3. Pre­

diction residuals are calculated for each node and then divided by the corresponding 

step size estimate before scalar quantization. The output of the scalar quantizer is 

multiplied by the step size estimate to get the quantized prediction residual. 

Recall from the discussions on Jayant's quantizer that the time-invariant 

step size multiplier depends on the magnitude of the "previously" transmitted 

codeword. In a PTCQ system, scalar quantization is performed for each node 

to find the element of the corresponding subset that is closest to the prediction 

residual associated with that particular node. There are 2R~1 codewords in each 

subset (for an encoding rate R bits/sample) and hence, each subset can have as 

many multipliers associated with it. For an encoding rate of 2 bits/sample, the 

multipliers chosen for this quantizer were 0.8 for the inner levels and 1.6 for the 

outer levels. These values were suggested in [11] to be used in a DPCM system 

for encoding speech at 2 bits/sample and hence, a new set of multipliers should 

be found for PTCQ systems. An exhaustive grid search can be carried out to find 

suitable values of these multipliers. It was felt, however, that the gains would be 

small and the required computing time would be extreme. 

The variance adaptive quantizer makes use of the adaptation structure in 

Fig. 2.4. Prediction residuals axe calculated for each node and then divided by the 

square root of the corresponding prediction residual variance estimate before scalar 

quantization. The output of the scalar quantizer is multiplied by the square root of 



56 

the prediction residual variance estimate to get the quantized prediction residual. 

Suitable values of a and /3 in the variance estimator were found to be a = 0.70 and 

0 = 0.36 [8]. 

The results of encoding each sentence in Table 5.1 using the two adaptive 

quantizers along with the second-order fixed predictor are shown in Tables 5.3 and 

5.4, respectively. A variable delay symbol release strategy with k& = 51og2 N and 

kr = 2.5 log2 N was used. Comparing the results in Tables 5.3 and 5.4 with those 

in Table 5.2, we can see that there is a dramatic improvement in SEGSNR's. The 

gain in SEGSNR exceeds 7 dB in some cases. As in the fixed residual encoding, 

PTCQ significantly outperforms a similar DPCM system. The 256-state PTCQ 

system with Jayant's quantizer outperforms the corresponding DPCM system by 

more than 3.42 dB for every sentence while the gain is at least 3.19 dB for the 

variance quantizer. Comparing the results in Table 5.3 with those in Table 5.4, 

it is evident that the two quantizers perform about the same. For the 256-state 

system, the corresponding SEGSNR values are within 0.15 dB of one another. 

Table 5.3. 
Performance of PTCQ with fixed prediction and Jayant's quantizer 

for encoding sampled speech at 2 bits/sample. 
(Each entry is in the form SNR/SEGSNR in dB.) 

Sent 

Trellis Size (States) 

DPCM Sent 4 8 16 32 84 128 256 DPCM 

1 16.95/16.21 17.56/16.86 18.01/17.30 18.34/17.56 18.52/17.77 18.70/18.00 18.87/18.11 14.29/14.76 

2 18.38/16.20 19.01/16.90 19.32/17.20 19.61/17.41 19.90/17.70 20.19/17.93 20.30/18.01 15.77/14.41 

3 17.07/14.24 17.75/14.90 18.07/15.26 18.37/15.58 18.47/15.64 18.83/15.99 18.95/16.13 14.62/12.21 

4 11.42/13.21 12.38/14.05 12.68/14.32 12.82/14.56 13.11/14.75 13.39/15.10 13.57/15.27 8.09/10.94 

5 14.85/14.12 15.66/14.90 16.11/15.39 16.45/15.73 16.74/15.90 17.10/16.16 17.22/16.36 12.37/12.06 
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Table 5.4. 
Performance Of PTCQ with fixed prediction And variance quantizer 

for encoding sampled speech at 2 bits/sample. 
(Each entry is in the form SNR/SEGSNR in dB.) 

Sent 

Trellis Size (States) 

DPCM Sent 4 8 16 32 64 128 256 DPCM 

1 16.93/16.20 17.55/17.06 17.86/17.27 18.22/17.71 18.50/17.89 18.69/18.07 18.88/18.17 15.16/14.98 

2 13.10/16.14 19.05/16.87 19.39/17.24 19.62/17.54 20.00/17.81 20.31/17.98 20.44/18.15 16.62/14.47 

3 17.03/14.47 17.73/14.96 17.85/15.16 18.42/15.63 18.56/15.80 18.84/16.01 19.00/16.17 15.30/12.36 

4 10.93/13.04 11.52/13.74 11.59/14.14 12.13/14.53 12.56/14.72 12.76/14.94 13.15/15.16 8.09/10.86 

5 14.69/14.18 15.38/14.88 15.81/15.31 16.19/15.71 16.48/15.89 16.65/16.09 16.96/16.30 12.56/12.33 

To see how these quantizers perform in the presence of channel errors, the 

SEGSNR for encoding sentence 1 in Table 5.1 using the 4-state trellis and the fixed 

predictor is plotted for different probabilities of error (Fig. 5.1). As in the noiseless 

case, the performance of the two quantizers is quite similar. Jayant's quantizer 

performs uniformly better when the channel error probability is less than 3 x 10-3 

while the variance quantizer is better when e > 3 x 10-3. 

For the variance quantizer, the computation of variance estimates for each 

survivor requires 3N multiplies and N adds per data sample while the scaling 

operations requires N square roots, N multiplications, and N divisions per data 

sample. Considering the operation of division as a multiplication, the computa­

tional requirements per data sample are 5N multiplies, N adds and N square 

roots while Jayant's quantizer requires only 3N multiplies and N exponentiations 

per data sample [7]. Hence, Jayant's quantizer is used exclusively from this point 

forward. 
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Fig. 5.1. Noisy channel performance 9f Jayant's and the 
variance adaptive quantizer. 

(0 = 127/128). 

5.3. Adaptive prediction/adaptive residual encoding 

For non-stationary signals such as speech, input statistics are time-varying 

and, as a consequence, time-varying predictors should yield better performance. In 

this section, the performance of PTCQ systems using the four adaptive predictors 

discussed in Chapter 2 is evaluated for both error-free and noisy channels. 

Recall that three of the four adaptive predictors chosen for this work are 

"all-pole" predictors (LSLAT, LMSLAT, and LMSTVL) and hence, are very sensi­

tive to channel errors. Sensitivity to channel errors can be reduced by decreasing the 

damping factor v in the adaptation algorithms. Unfortunately, this also degrades 

the performance in a noise-free channel. To find a value of v which will provide 



a good trade off between the performance obtained with noise-free channels and 

noisy channels, the SEGSNR of sentence 1 at an encoding rate of 2 bits/sample 

using the 4-state trellis and the LSLAT predictor is plotted for different values of v 

and probabilities of error (Fig. 5.2). The performance of the PTCQ system when 

v = 0.98 (the value recommended in [15] for a DPCM system) is rather disap­

pointing. It is evident from the graph that this value of v is too large to be used 

in a PTCQ system. Decreasing v has an effect of improving the performance of 

the system at high probabilities of error (e > 1 X 10-4). Unfortunately, this also 

degrades the performance at very low error probabilities (e < 1 X 10-5). Graphs 

similar to Fig. 5.2 can be made for the other two all-pole predictors (LMSLAT 

and LMSTVL). The conclusion from such a study was that a value of v = 0.95 will 

provide a good trade-off between the performance obtained with noise-free channels 

and noisy-channels (e > 1 x 10~4). 

Simulation results for encoding each sentence in Table 5.1 at 2 bits/sample 

using Jayant's quantizer and the four adaptive predictors in a error-free channel, 

with v = 0.95, are given in Tables 5.5-5.8, respectively. As before, a variable delay 

symbol release strategy with fcj = 5 log2N and kr = 2.51og2 N was used. For 

comparison, the performance of comparable DPCM systems are also tabulated. 
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Fig. 5.2. Effect of damping factor on the noisy channel 
performance of the LSLAT predictor. 

(1 -» e = 10"6; 2 —• e = 10"5; 3 -• c = 10"4; 4 -» e = 5 x 10"4; 
5 —• e — 8 x 10—6 —> e = 10—^; 7 —k = 2 x 10~8 —> 6 = 3 x 10— 

9->e = 4x 10"3; 10 -» e = 5 x 10~3). 

Table 5.5. 
Performance of PTCQ with LMSTVL predictor and Jayant's quantizer 

for encoding sampled speech at 2 bits/sample. 
(Each entry is in the form SNR/SEGSNR in dB.) 

Sent 

Trellis Size (States) 

DPCM Sent 4 8 16 32 64 128 256 DPCM 

1 17.08/16.88 17.87/17.67 18.15/17.98 18.64/18.44 18.83/18.48 19.08/18.72 19.25/18.87 14.84/15.08 

2 17.98/16.35 18.90/17.31 18.81/17.67 19.75/18.04 20.06/18.32 20.48/18.59 20.55/18.70 15.97/14.90 

3 16.88/14.38 17.53/15.12 17.93/15.46 18.30/15.81 18.45/15.97 18.75/16.33 18.79/16.27 14.39/12.21 

4 10.99/13.35 11.74/14.19 12.25/14.64 12.40/14.89 12.67/15.19 13.03/15.41 13.41/15.54 8.34/11.06 

5 14.33/14.45 15.39/15.29 15.49/15.63 16.12/16.21 16.33/16.31 16.65/16.52 17.10/16.76 12.07/12.61 
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Tbble 5.6. 
Performance Of PTCQ with LMSLAT predictor and Jay ant's quantizer 

for encoding sampled speech at 2 bits/sample. 
(Each entry is in the form SNR/SEGSNR in dB.) 

Sent 

Trellis Size (States) 

DPCM Sent 4 8 16 32 64 128 256 DPCM 

1 18.34/17.87 18.79/18.49 19.33/18.91 19.68/19.23 19.88/19.57 20.12/19.75 20.25/19.90 15.99/16.63 

2 18.52/17.34 19.47/18.12 19.72/18.40 20.33/18.96 20.57/19.15 20.95/19.50 21.20/19.60 16.38/16.29 

3 17.83/16.30 18.24/16.83 18.86/17.17 19.04/17.48 19.30/17.77 19.51/17.98 19.68/18.15 15.54/14.72 

4 14.89/16.10 16.20/16.85 16.42/17.13 16.90/17.54 17.14/17.87 17.52/18.18 17.80/18.32 12.11/14.54 

5 16.46/16.97 17.30/17.89 17.94/18.36 18.65/18.76 18.85/19.02 19.11/19.33 19.36/19.55 14.10/15.14 

Table 5.7. 
Performance Of PTCQ with CCITT predictor and J ay ant's quantizer 

for encoding sampled speech at 2 bits/sample. 
(Each entry is in the form SNR/SEGSNR in dB.) 

Sent 

IVellis Size (States) 

DPCM Sent 4 8 16 32 64 128 256 DPCM 

1 17.65/18.59 18.51/19.60 19.10/20.07 19.46/20.44 19.68/20.77 19.87/20.88 20.15/21.11 14.89/16.54 

2 18.78/18.57 19.41/19.22 19.82/19.68 20.41/20.15 20.67/20.35 20.92/20.67 21.18/20.82 15.87/17.10 

3 17.44/16.75 18.34/17.51 18.76/17.78 19.28/18.37 19.36/18.46 19.89/18.90 20.01/18.96 15.12/15.06 

4 13.80/15.84 14.84/16.56 15.49/16.93 16.00/17.48 16.11/17.83 16.54/18.06 17.80/18.32 11.09/14.70 

5 15.60/16.65 16.82/17.57 17.22/18.10 17.76/18.53 18.22/18.85 18.45/19.11 18.73/19.35 12.81/14.97 

Table 5.8. 
Performance Of PTCQ with LSLAT predictor and Jayant's quantizer 

for encoding sampled speech at 2 bits/sample. 
(Each entry is in the form SNR/SEGSNR in dB.) 

IVellis Size (States) 

Sent 4 8 16 32 64 128 256 DPCM 

1 18.59/19.18 19.31/19.90 19.69/20.30 20.10/20.71 20.33/20.90 20.60/21.10 20.73/21.28 15.88/17.30 

2 19.10/18.93 19.93/19.49 20.54/20.00 20.83/20.26 21.12/20.54 21.44/20.79 21.59/20.83 16.41/17.23 

3 17.83/16.76 18.91/17.41 19.06/17.72 19.61/18.17 19.83/18.29 20.22/18.70 20.20/18.73 15.21/14.39 

4 14.61/16.23 15.90/17.11 16.25/17.54 16.90/18.06 17.07/18.30 17.63/18.59 17.65/18.72 11.89/14.48 

5 16.08/17.30 17.10/18.19 17.68/18.62 18.19/19.22 18.82/19.59 19.01/19.86 19.45/20.09 12.93/15.04 
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As expected, all the adaptive predictors perform better than the fixed pre­

dictor. The improvement in performance varies from 0.1 dB to 3.73 dB, with the 

largest gain corresponding to sentence 5 and the LSLAT predictor for the 256-state 

trellis. The performance of each PTCQ system shows significant improvement over 

the corresponding DPCM system. The performance of both lattice predictors is 

quite good. However, the LSLAT predictor performs consistently better and is the 

best for sentences 1, 2, 4 and 5. The CCITT predictor performs surprisingly well, 

ranking first for sentence 3. The performance of the LMSTVL predictor is rather 

disappointing and shows only a marginal improvement in SEGSNR over the fixed 

predictor. 

It is possible to make a direct comparison to the system of Chang and 

Gibson [2S], since the performance results in [28] are based on the same 5 sentences 

used here. The best SEGSNR values reported in [28] are lower than the 256-

state PTCQ results in Table 5.8 for all 5 sentences. The CCITT predictor and the 

LSLAT predictor are among the 6 adaptive predictors considered in [28] and hence, 

comparisons can again be made with respect to these predictors. For the CCITT 

predictor, the 256-state PTCQ system shows a gain ranging from 0.76 dB to 2.52 dB 

over the best results reported in [28] and, for the LSLAT predictor, the improvement 

ranges from 1.24 dB to 2.24 dB, with the maximum gain corresponding to sentence 

1 in both cases. A note of caution concerning the comparison between the two 

systems using LSLAT predictor is that the system in [28] uses a damping factor of 

0.98 while it is 0.95 in the PTCQ systems. Using a damping factor of 0.98 in the 

PTCQ systems results in a gain of at least 0.5 dB over the values in Table 5.8. 
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To evaluate the noisy channel performance of these predictors in a PTCQ 

system, the SEGSNR of sentence 1 using the 4-state trellis is plotted for different 

predictors and probabilities of error (Fig. 5.3). At low probabilities of error (e < 

1 x 10~5), the LSLAT predictor performs the best, while at higher probabilities of 

error, the CCITT predictor is superior. This is not surprising since the inclusion 

of zeros as well as poles in the CCITT predictor makes it less sensitive to channel 

errors [29]. The performance curves of the two lattice predictors falls off more 

rapidly than the three transversal predictors (CCITT, LMSTVL, and MCDFIX). 

At high probabilities of error (e > 1 x 10~4), the transversal predictors perform 

better than the lattice predictors. These results indicate that, in a PTCQ system, 

the lattice predictors are more sensitive to channel errors than the transversal 

predictors. Both the adaptive transversal predictors perform uniformly better than 

the fixed predictor. 

The "knee" in the performance curves of the three all-pole predictors can be 

extended by decreasing the value of v. Fig. 5.4 represents the performance obtained 

for a value of v = O.SS. As before, the SEGSNR of sentence 1 is plotted for various 

predictors and probabilities of error. Note that the performance curves for the 

CCITT predictor and the fixed predictor are the same in both figures. As expected, 

the knee in the performance curves for the all-pole predictors is extended to around 

1 x 10-3. An unfortunate side effect is that the noise free performance of the LSLAT 

predictor has fallen below that of the CCITT predictor. All the adaptive predictors 

perform consistently better than the fixed predictor. The CCITT predictor at an 

error probability of 5 x 10-4 is better than the ideal channel performance of all 
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Fig. 5.3. Noisy channel performance of PTCQ systems. 
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Fig. 5.4. Noisy channel performance of PTCQ systems. 
(j9 = 127/128,1/= 0.88). 
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other predictors. The performance of the CCITT predictor when e is less then 

2 x 10-3 is better than the ideal channel performance of the fixed predictor. 

To see how PTCQ systems perform in the presence of channel errors as 

the trellis size is increased, the SEGSNR of sentence 1 using CCITT and LSLAT 

predictors (v = 0.95) is plotted for various trellis sizes (4, 32, and 256-states) and 

probabilities of error (Fig. 5.5 and 5.6). The LSLAT and CCITT predictors were 

chosen since they gave the best ideal channel and the best noisy channel perfor­

mance, respectively. For comparison, the SEGSNR values of the corresponding 

DPCM systems are also plotted. 

25 TTT 
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3-4 States 
4-DPCM 

1 2-32 States 

20 
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O 
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1/3 1U 

5 

probability of error 

Fig. 5.5. Noisy channel performance of the CCITT predictor. 
(0 = 127/128). 
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For the CCITT predictor, the performance of PTCQ is superior to the 

corresponding DPCM system for e < 4 x 10~3. A 4-state PTCQ system at an 

error probability of 1 X 10-3 is better than the ideal channel performance of the 

corresponding DPCM system by at least 2.37 dB while the gain is approximately 

3.36 dB for the 32-state and the 256-state systems. As before, the performance 

curves of the 32-state and 256-state system fall off more rapidly than the 4-state 

system. At low error probabilities (e < 1 x 10-4), the 256-state system is at least 

2.5 dB better than the 4-state system. The 4-state system outperforms the DPCM 

system for all e < 10-2. 

For the LSLAT predictor, the PTCQ systems perform very well at low error 

probabilities (e < 10-4), while the DPCM is superior at high probabilities of error. 

At an error probability of 10-5, the 256-state system is better than the DPCM 

system by approximately 3.6 dB. All three PTCQ systems perform about the same 

at an error probability of 10-4. The performance curves of the PTCQ systems falls 

off more rapidly than the DPCM system. 

The "knee" in the performance curves of the LSLAT systems can be ex­

tended by decreasing the value of v. Fig. 5.7 shows the performance with a damping 

factor of v = 0.88. As before, the SEGSNR values of sentence 1 are plotted for 

various trellis sizes and probabilities of error. The performance curve for DPCM is 

the same as in Fig. 5.4. Comparing the two figures, it is evident that decreasing 

the damping factor to 0.88 degrades the ideal channel performance by at least 0.5 

dB for all three PTCQ systems. 
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Fig. 5.6. Noisy channel performance of the LSLAT predictor. 
(/? = 127/128,1/ = 0.95). 

25 

1 - 256 Stales 
2 - 3 2  S t a l e s  
3 - 4  S t a t e s  
4-DPCM 20 

15 

10 

5 

10' 

probability of error 

10-i 10-5 

Fig. 5.7. Noisy channel performance of the LSLAT predictor. 
(/? = 127/128, i/= 0.88). 
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Finally, a third-order pitch predictor is incorporated into the systems using 

the LSLAT predictor and the CCITT predictor. To reduce the computational 

burden, the pitch parameters were updated every 20 samples. For simplicity, a 

symbol release strategy with fcj = 40 and kr = 20 was used for all trellis sizes [26]. 

Most pitch periods encountered in speech are between 2 to 20 msec. The search 

range for the pitch period was limited to 5 to 20 msec. In this study, by limiting 

the search range to these values, it is ensured that the pitch predictor makes use of 

only the encoded samples which have already been released by the symbol release 

strategy. Hence, only one pitch prediction is needed for an TV-state trellis instead 

of one pitch prediction for every node (i.e., N predictions). 

Simulation results for a third-order pitch predictor with the CCITT pre­

dictor and the LSLAT predictor (and a noise free channel) are given in Tables 5.9 

and 5.10, respectively. Comparing the results in Tables 5.9 and 5.10 with those 

in Tables 5.7 and 5.8, we can see that the inclusion of a pitch predictor provides 

significant improvement in SEGSNR for four of the five sentences (1, 2, 4 and 5). 

Comparing the results in Table 5.9 with those in Table 5.10, it is clear that the 

LSLAT predictor performs better than the CCITT predictor for all five sentences. 

A direct comparison can again be made with the multi-tree speech coding system 

of Gibson and Chang [30]. The best results reported in [30] are lower than the 

128-state PTCQ system results in Table 5.10 by at least 0.32 dB. 



Table 5.9. 
Performance Of PTCQ with pitch prediction and the LSLAT predictor 

for encoding sampled speech at 2 bits/sample. 
(Each entry is in the form SNR/SEGSNR in dB.) 

Sent 

Trellis Size (States) 

DPCM Sent 4 8 16 32 64 128 DPCM 

1 19.58/19.84 20.60/20.64 21.61/21.32 21.99/21.54 22.14/21.90 22.59/22.31 18.56/18.87 

2 21.13/19.84 21.89/20.56 22.74/21.18 23.14/21.43 23.33/21.81 23.85/22.11 19.44/18.55 

3 17.49/16.26 18.55/17.20 19.16/17.69 20.02/18.16 20.43/18.50 20.66/18.75 14.79/14.17 

4 15.04/17.26 15.95/18.12 17.07/18.76 17.11/19.19 17.87/19.49 18.61/19.90 11.91/14.80 

S 16.70/18.50 17.51/19.09 18.21/19.73 19.14/20.09 19.84/20.35 20.32/20.95 14.10/16.30 

Table 5.10. 
Performance Of PTCQ with pitch prediction and the CCITT predictor 

for encoding sampled speech at 2 bits/sample. 
(Each entry is in the form SNR/SEGSNR in dB.) 

Sent 

Trellis Size (States) 

DPCM Sent 4 8 16 32 64 128 DPCM 

1 19.19/19.16 20.16/20.22 20.52/20.50 20.91/20.88 21.03/21.04 21.30/21.09 17.56/18.16 

2 20.65/19.39 21.37/20.05 21.97/20.62 22.48/20.97 22.75/21.22 22.89/21.38 19.64/18.85 

3 16.16/15.40 17.87/16.56 18.27/17.16 18.87/17.35 19.27/17.69 19.48/17.94 13.81/13.91 

4 13.60/16.40 14.70/17.36 15.25/17.82 15.95/18.39 16.59/18.70 16.63/18.74 10.69/14.38 

5 16.51/17.85 17.56/18.51 18.36/19.14 18.91/19.59 19.55/19.83 19.41/19.96 12.83/15.74 

To evaluate the noisy channel performance of these two predictors in a 

PTCQ system with pitch prediction, the SEGSNR of sentence 1 using the 4-state 

trellis is plotted for different probabilities of error (Fig. 5.8). It is evident from 

this graph that the inclusion of a pitch predictor makes the system more sensitive 
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Fig. 5.8. Noisy channel performance of PTCQ systems 
with pitch prediction. 

(/? = 127/128, v = 0.95). 

to channel errors. The performance curves for both the predictors deteriorate very 

rapidly when the error probability is greater than 10-5. 

To see how the PTCQ systems with pitch prediction perform as the trellis 

size is increased, the SEGSNR of sentence 1 using LSLAT and CCITT predictors 

is plotted for different trellis sizes (4 and 32) and probabilities of error (Fig. 5.9 

and 5.10). As before, the SEGSNR values of comparable DPCM systems are also 

plotted. For both predictors, the PTCQ systems are superior when the channel 

error probability is less than 10~5. For this value of e, the 32-state PTCQ systems 

axe better by at least 5 dB. For the CCITT predictor, the 4-state system is better 

than the DPCM system for all error probabilities. 
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Fig. 5.9. Noisy channel performance of PTCQ systems 
with pitch prediction and LSLAT predictor. 

(J3 = 127/128,1/ = 0.95). 
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Fig. 5.10. Noisy channel performajice of PTCQ systems 
with pitch prediction and CCITT predictor. 

(/? = 127/128). 
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Informal listening tests were conducted to determine the subjective perfor­

mance of various predictors. Comparisons were made using sentence 1 and sentence 

4 with a 32-state trellis. In an error-free channel (with v = 0.95), the subjective 

quality of the reconstructed speech from all predictors can be described as excel­

lent communications quality. In particular, the quality of speech produced by the 

two lattice predictors was excellent. Even though there is hardly any difference in 

SEGSNR values between the CCITT and the LSLAT predictors, the reconstructed 

speech from the LSLAT predictor was perceptually more pleasing. Sampled speech 

encoded by the LSLAT predictor with pitch prediction was judged to be of "near-

toll quality" and was almost undistinguishable from the original speech. 

In a noisy channel, performance comparisons were made for two error prob­

abilities (10-4 and 10-3). Only the CCITT and LSLAT predictors were considered. 

At an error probability of 10-4, both predictors performed well with hardly any 

background noise. But, the reconstructed speech from the LSLAT predictor was 

definitely better. At an error probability of 10-3, the quality of speech produced by 

the CCITT predictor was quite good. The reconstructed speech from the LSLAT 

predictor {v = 0.88) was slightly noisy with occasional "clicks" and "pops". 
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CHAPTER 6 

SUMMARY 

In Chapter 1, a digital communication system model was presented and the 

source coding problem was defined. Chapter 2 was devoted to reviewing some back­

ground material necessary for the development of concepts in the subsequent chap­

ters. The topics covered included Scalar quantization, Lloyd-Max scalar quantizer, 

Adaptive quantizers, DPCM, predictors, Trellis coding and coded modulation. 

In Chapter 3, Trellis Coded Quantization (TCQ) for memoryless sources 

was briefly reviewed. The performance of TCQ for the memoryless Gaussian and 

Laplacian sources, with and without channel errors, was evaluated. It was demon­

strated that when feedback-free encoding circuits axe employed, error propagation 

in TCQ systems is not a serious problem. A variable delay symbol release strategy 

was used and the effects of varying the encoding delay and the number of symbols 

released per trace-back on system performance were investigated. 

Chapter 4 dealt with predictive source coding schemes based on TCQ and 

DPCM. In this chapter, simulation results were presented for encoding a first or­

der Gauss-Markov source. It was demonstrated that Predictive TCQ (PTCQ) 

systems handle channel errors in a very graceful manner. In Chapter 5, the per­

formance of PTCQ for encoding sampled speech was evaluated. Performance com­

parisons were made using a fixed predictor and four different adaptive predictors 

for both error-free and noisy channels. The four adaptive predictors considered 
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were Least Squares lattice (LSLAT), Least Mean Squares lattice (LMSLAT), Least 

Mean Squares transversal (LMSTVL), and the pole-zero predictor (CCITT). Simu­

lation results were presented for an encoding rate of 2 bits/sample. A variable delay 

symbol release strategy was adopted to keep the encoding delay to a minimum. 

In an error-free channel, excellent segmental signal-to-noise ratios were ob­

tained. All the adaptive predictors performed better than the fixed predictor. But, 

the Least Squares lattice predictor (LSLAT) outperformed all other predictors. In 

a noisy channel, it was demonstrated that the LSLAT predictor was superior at low 

error probabilities (e < 10-5), while the CCITT predictor was superior at higher 

probabilities of error. It was concluded that the performance of PTCQ systems is 

superior to comparable DPCM systems for all e < 10-4. It was shown that systems 

with pitch prediction were very sensitive to channel errors. Finally, informal listen­

ing tests were conducted to determine the subjective quality of the reconstructed 

speech. The reconstructed speech obtained from systems with no pitch prediction 

was judged to be of excellent communications quality. When a pitch predictor is 

included in the LSLAT system, the reconstructed speech is of "near toll quality" 

and is difficult to distinguish from the original speech. 
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