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ABSTRACT 
It is known that  degrading acoustic noise influences speech 
quality across phoneme classes in a non-uniform man- 
ner. This results in variable quality performance for many 
speech enhancement algorithms in noisy environments. To 
address this, a hidden-Markov-model phoneme classifica- 
tion procedure is proposed which directs single channel 
speech enhancement across individual phoneme classes. 
The  procedure performs broad phoneme class partitioning 
of noisy speech frames using a continuous-mixture hidden- 
Markov-model recognizer in conjunction with a cost based 
decision process. Cost functions are assigned which weigh 
errors between phoneme classes that  are perceptually dif- 
ferent (e.g., vowels versus fricatives. etc.). Once noisy 
speech frames are partitioned, iterative speech enhance- 
ment based on all-pole parameter estimation with inter 
and intra-frame spectral constraints (Auto:I,LSP:T) is em- 
ployed. The  phoneme class directed enhancement algo- 
rithm is evaluated using TIMIT speech data ,  and shown 
to result in substantial improvement in objective speech 
quality over a range of signal-to-noise ratios and individual 
phoneme classes. T h e  algorithm is also shown to possess 
consistent quality improvement in a speaker independent 
scenario. 

1. INTRODUCTION 
Traditional enhancement methods employ the same ba- 
sic processing approach throughout a sentence. However, 
since speech energy varies significantly across phoneme 
classes, local SNR as well as the impact of noise distortion 
on speech quality will vary locally. For example, vowel 
sections are not distorted to the same extent as transitive 
and plosive sounds for a given background acoustic noise 
level. Therefore, for speech enhancement to be successful, 
it must address the non-uniform effect noise has on speech 
across phoneme classes. 

Improvements in speech enhancement could be achieved 
if additional a priori speech information is known or es- 
timated prior to the enhancement process to address the 
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variable impact of noise. For example, Ephraim, Malah, 
and Juang [3] considered an approach where a hidden- 
Markov-model (HMM) recognizer is used to select an im- 
proved all-pole Wiener filter for enhancement. Another 
alternative, is to employ a vector quantization process as 
suggested by O’Shaughnessy [ 8 ] ,  where a formant distance 
measure is used to select a noisefree entry from a vector 
quantizer codebook for enhancement. 

It is suggested that  such methods will result in increased 
distortion during enhancement, if an error is made in the 
decision process across time. In this paper, a cost based 
soft decision process is proposed for phoneme classifica- 
tion of noisy speech prior to enhancement. The  enhance- 
ment approach considered is an extension of a previously 
formulated constrained iterative method by Hansen and 
Clements 1987,91 [4, 51. 

2. ALGORITHM FORMULATION 
T h e  framework for the proposed enhancement algorithm is 
shown in Fig. 1. T h e  technique is based on a speech class 
partitioning scheme which directs an (Auto:I,LSP:T) spec- 
tral constrained iterative enhancement algorithm. Noisy 
phoneme class partitioning is achieved using a continuous 
mixture HMM phoneme recognizer in conjunction with 
a decision process with cost functions that  weigh errors 
between perceptually different speech classes . After class 
detection, each partitioned frame is enhanced using an ap- 
propriate set of constraints in the enhancement algorithm 
for each phoneme class. Each processing phase is discussed 
in the following sections. 

2.1 (Auto:I,LSP:T) Enhancement 
(:onsider a noise corrupted speech signal. It is assumed 
that  input speech can be modeled by a set of all-pole pa- 
rameters and a gain term. A basic speech enhancement 
technique is formed by performing a sequential maximum 
a posteriori (MAP) estimation of the clean speech given 
the noisy input speech, followed by M A P  estimation of the 
model parameters given the speech signal resulting from 
the first MAP estimation [6]. This process iterates be- 
tween estimation of the model parameters and estimation 
of speech signal, until a convergence threshold is reached. 
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Figure 1: Framework for t h e  classification directed (Auto:I,LSP:T) enhancement  algorithm. 

In order to  improve parameter estimation, reduce frame 
to frame pole jitter across time, and provide a convenient 
terminating criterion, spectral constraints are introduced 
between MAP estimation steps on the line-spectral-pairs 
(LSP) and autocorrelation parameters, resulting in the in- 
ter and intra-frame constrained(Auto:I, LSP:T) algorithm. 
(Fig. 1) .  This basic enhancement approach is discussed in 
further detail in [4, 51. 

2.2 HMM Phoneme Class Partitioning 
For classification, a training method based on continuous- 
mixture HMM is used t o  create 13 phoneme class models. 
The  chosen classes' are: silence, closure stops, unvoiced 
stops, glottal stops, unvoiced fricatives, voiced fricatives, 
nasals, liquids, glides, diphthongs, front vowels, schwa 
vowels, and mid-vowels. T h e  training algorithm creates 
models for each phoneme class using a 3 state  left-to-right 
HMM with 5 mixtures weights. T h e  models are trained 
using TIMIT [I] database sentences previously degraded 
with 1OdB additive white Gaussian noise (AWGN). 

Using phoneme class HMM models, the forward algo- 
rithm scoring procedure is employed to  obtain the fol- 
lowing conditional probabilities P(%lX,) i = 1 ,2 ,  ..., 13 
(i.e., the probability of phoneye class model X i  produc- 
ing the observation sequence X). A phoneme class de- 
cision for each 64msec speech block is made using these 
probabilities grouped into seven broad classes (silence, 

'The stated phoneme classes were used based on phonetic 
illformatioil files provided by NIST for the TIMIT databasell]. 

stops, fricatives, nasals, semivowels, diphthongs, vowels). 
The formulated decision process employs the two high- 
est phoneme class probabilities. The  difference between 
these probabilities is used to  obtain a confidence measure 
for class decision. This is achieved by taking the ratio of 
PtOp(X;(X) - P3econd(XiIX) to  a cost value C(top ,  s e c o n d ) ,  
where C ( t o p , s e c o n d )  is a measure of the cost of choos- 
ing P H ( t o p )  when P H ( s e c o n d )  was the true class. If the 
confidence measure does not lie within a specified range, 
then that  speech block is classified as a D O N ' T  CARE(i.e., 
default general enhancement), which reduces the cost of a 
bad decision. Therefore, the HMM phoneme class parti- 
tioning is used to  direct the enhancement algorithm only 
when the probability of a correct classification is high. 

3 ALGORITHM EVALUATION 

3.1 Classifier Evaluation 
To determine performance of the classifier, T IMIT  sen- 
tences degraded by AWGN were processed for classifica- 
tion. Using NIST [l] phoneme label data,  correct and 
incorrect decisions were recorded. T h e  gray scale image in 
Fig. 2 summarizes the resulting probabilities. The image, 
where black-to-white corresponds to p : 0 -* 1,  shows the 
confusion matrix for class partitioning. T h e  regions along 
the main diagonal represent correct decisions (e.g., classi- 
fying a nasal as nasal). Entries close to the main diagonal 
represent incorrect decisions which do not cause drastic 

. _  degradation in the enhancement process (e.g., classifying 
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a semivowel as a diphthong). Entries far from the main di- 
agonal correspond to poor, incorrect decisions which cause 
serious degradation in the subsequent enhancement proce- 
dure (e.g., classifying a fricative as a vowel). T h e  figure 
shows that  the classifier performs well since the concen- 
tration is high along or close to the main diagonal. In 
the evaluations, 30 percent of the frames were classified 
as D O N ' T  C A R E ,  resulting in the use of default (Auto:I, 
LSP:T) enhancement. 

3.2 Enhancement Evaluation 
An example of the algorithm's ability to adapt to the 
changing impact of noise on phoneme quality is illustrated 
in Fig. 3 .  Here: Itakura-Saito (IS) objective speech quality 
tneasures [7] are shown between original and noisy speech 
( IO  dH SNR, AWGN) for the sentence "Often you'll get 
back inore than you put in." The  third plot is the corre- 
sponding distortion between degraded and original speech 
signals, which visualizes the non-uniform effect additive 
noise has on resulting speech quality. This is clearly illus- 
trated for transitional and plosive sounds which are dis- 
torted more than vowels or even periods of silence. 

The  novel aspect here is that ,  the phoneme class di- 
rected speech enhancement algorithm at tempts  to reduce 
the peak distortion areas by applying a different ter- 
minating iteration according to the phoneme class UII- 

der consideration. After a number of off-line simula- 
tions, the best terminating iteration for each phoneme 
class is determined. For D O N ' T  CARE frames, the ter- 
minating iteration is set to the mean of the terminat- 
ing iterations of all phoneme classes. The  proposed al- 
gorithm performs constrained iterative speech enhance- 
inent (Auto:I,LSP:T) using phoneme class partitioning as 
a nieans to determine the best terminating iteration for 
each frame of speech da ta  (henceforth referred to  as (class 
partitioned((:P),Auto:I,LSP:T)). In Fig. 3,  the fourth plot 
is the enhanced speech sentence using (CP,Auto:I,LSP:T), 
and the fifth presents the distortion measure between the 
enhanced and original speech signals. A comparison of the 
IS time based measure plots illustrate a dramatic reduc- 
tion in noise distortion, and improved objective quality. 
Moreover, the resulting speech quality is seen to be pri- 
marily uniform over the whole sentence. 

To confiriri consistency of performance of the 
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Figure 2: Confusion matrix for classification evalua- 
tion over a set of TIMIT sentences (Key: silence, s t o p ,  
frzcative, nasal, spmivowel, diphthong, v o w e l ) .  
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Figure 3: Time waveforms of the original, degraded, 
and enhanced speech sentence "Often you'll get back 
more than you put in." Distortion as measured by 
frame-to-frame objective quality measures are shown 
for noisy and enhanced waveforms. 

(CP,Auto:I,LSP:T) algorithm, an evaluation was per- 
formed over 100 TIMIT sentences (72 male, 28 female) 
degraded with 10 d B  SNR AWGN. Histograms of the IS 
distance tneasures corresponding to (a.) degraded, and 
(b.) enhanced for 100 sentences are shown in Fig. 4. The 
proposed enhancement technique reduced the mean dis- 
tortion of the noisy speech considerably(i.e., from 2.750 to 
1.003). The  reduced tail of the enhancement quality his- 
togram suggests that  a majority of the frames result in a 
bounded level of distortion. This is encouraging given the 
fact that  the (CP,Auto:I,LSP:T) method was tested in a 
noisy speaker independent environment. Informal listen- 
ing tests also confirmed the increase in speech quality. 

A comparison of the IS distance measures between de- 
graded and enhanced speech for each broad phoneme class 
is illustrated in Fig. 5.  In each plot the phonemes are 
sorted with respect to  the level of quality improvement the 
algorithm introduced. The  phonemes that  resulted in the 
minimum and maximum improvement for each phoneme 
class are labeled with their TIMIT database representa- 
tions [I]. There is considerable reduction in distortion as 
represented by the IS measures. The  only exception was 
for fricatives, where the limited improvement can be ex- 
plained by the fact that  they are not initially distorted as 
much as other phoneme classes. The  important point to 
note is the uniformity of the measures over all phonemes 
after enhancement. This fact suggests the usefulness of 
the proposed enhancement algorithin as a front-end to 
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(a.) Ave.  IS dist. = 2.750 (b.) Ave .  IS dist .  = 1.009 

Figure 4: T h e  his togram of IS dis tance measures  for 
100 T I M I T  sentences for (a.) degraded  a n d  (b.) en- 
hanced using (CP,Auto:I,LSP:T) for 4 iterations. 

I Stat is t ics  o f  I S  Distances over Phoneme Classes I 

Table 1: Stat is t ics  of IS dis tance measures  for previous 
100 T I M I T  sentences over broad phoneme classes. 

other speech processing systems for recognition or coding 
in noisy environments. In Table 1, the means and vari- 
ances of the distance measures are shown for each phoneme 
class. All phoneme classes were enhanced with the over- 
all variance of distortion dropping from 4.281 to 0.204. 
This result is a strong indication of the success of the pro- 
posed algorithm, since the main objective was to  eliminate 
the adverse effects of the nonuniformity of distortion over 
different phoneme classes by adapting the enhancement 
approach. 

4. CONCLUSIONS 

A phoneme class based partitioning process is formulated 
which directs the terminating iteration for an inter and 
intra-frame constrained (Auto:I,LSP:T) iterative enhance- 
ment algorithm. The algorithm addresses the non-uniform 
influence degrading acoustic noise has on speech quality 
across phoneme classes. A continuous-mixture hidden- 
Markov-model phoneme classification process, with cost 
based decision features is proposed which directs single 
channel speech enhancement across individual phoneme 
classes. Cost functions are assigned which weigh errors 
between phoneme classes that  are perceptually different 
(e.g., vowels versus fricatives, etc.). The  phoneme class 
directed enhancement algorithm is evaluated using TIMIT 
speech da ta  and shown to result in substantial and consis- 
tent improvement in objective speech quality over a range 
of signal-to-noise ratios and individual phoneme classes. 

DIPHTHONGS(6) NASALS( 7) 

VOWELS( 14) STOPS( 14) 

R I  

FRICATIVES( 10) SILENCE(5) 

SEMIVOWELS(5) OVE FULL( 6 1 ) 

Figure 5:  IS  dis tance measures  over broad phoneine 
classes for 100 T I M I T  sentences for degraded (o), a n d  
enhanced (*) using (CP,Auto:I,LSP:T) for 4 iterations. 
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