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SPEECH PARAMETRIZATION AND RECOGNITION USING BLOCK AND 
RECURSIVE LINEAR PREDIGTION WITH DATA COMPRESSION 

E.Lleida, C.Nadeu, J.B.Marifio * 

ABSTRACT 

Results of expertments studying the use of LPC techniques in feature 
measurement and the posterior application of a fixed length frame compression 
technique in a isolated word recognition system are presented. The LPC analysis is 
performed by the classical block estimation method or by recursive estimation 
method which tries to make transient sound recognition more accurate. Frame 
compress ion technique compresses the stationary parts of speech s ignal and has 
several parameters to discern better the transitions. 

INTRODUCTION 

Signal feature measurement plays an important role in pattern recognit ion 
systems. The feature measurement using LPC analysis has been successfully applied 
in speech recognition. Speech is known to be composed of stat ionary parts and 
transitions, and much of the perceptual information of the speech signal is 
concentrated araund the transition parts. Thus, it is interesting to use, in some 
appl icat ions, a feature measurement method which can obtain a more accurate 
transition characterization. In addition, the speech recognition systems based on 
pattern matehing use dynamic progrannning methods to time al ignment between two 
utterances. However, the computational expenditure grows proportionally to the 
square of the pattern length and it can be too high. 

Some researchers have focused their attention in a twofold problem: the study 
of the transition parts along with the reduction of the computational effort 
devoted to time alignment process (ref. 1,2,3). All of them are based on the fact 
that the stationary segments of the speech s ignal are the most affected by 
variations in the speaking rate. Thus, a spectral (LPC vectors) sequence 
redistribution can be carried out exploit ing the similarity among spectra 
belanging to stationary segments without degrading the system quality. In this 
paper, we will call this type of algorithms by the term, "Data Compress ion" •. Two 
general classes of data compress ion techniques can be dist inguished, those which 
reduce to the same length all the utterances (tests and references) and which are 
known as "fixed length compression" and those whose length depends on the 
spectral changes along the utterances, known as "variable length compression". In 
isolated word recognition environments, fixed length compression gives better 
results than variable length compression (ref. 2,5). 

On the other band, we may focus the problem, trying to obtain more accurate 
information from the transitions in the feature measurement process and then use 
data compression techniques in order to reduce the computational expenditure and 
remove redundancy in the stationary segments (ref. 4,5). Thus, we introduce a 
general ized fixed length compression method based on the well-known 't race 
segmentation' method introduced by Kuhn et al. (ref. 1) and the use, in feature 
measurement, of the LPC analysis by means of block estimation and recursive· 
est imat ion. 

* Dpto. Teoria de la Sefial y Comunicaciones. UPC. Apdo. 30.002, 08080 Barcelona, 
Spain. 
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FEATURE MEASUREMENT 

The parametrizatien step ef the signal is made by using LPC techniques: bleck 
metheds and recursive metheds. The purpese ef recursive methods is te ebtain mere 
spectral infermat i.on from the spectral changes to improve the characterizatien ef 
the utterances. 

Block methods ebtain an est:imatien of tre LPC coefficients starting from the 
data bleck available in every moment. The speech signal is processed in blecks 
(frames) ef N samples, shifting each bleck M samples. A typical Hamming smeothing 
w indew is appl ied to the data. The class ic autocorrelat ion methed is used to 
estimate the LPC'coefficients in each frame. 

Recursive methods obtain an estimation of the LPC coefficients starting from 
the last est imat ien and a term called 'innevat ion term', which represents the 
amount of information introduced by the new data. The LPC coefficients are 
calculated by us :ing a latt ice st ructure. The "pre-windewed recursive least-square 
lattice" algorithm is used because of its fast adaptatien to coefficient changes 
(ref. 6). The likelihoed variable (Y) obtained as by product of the algorithm is 
used to take the spectral parameters. This variable is a measure of the innovation 
that the new data (sample) introduces. The spectral parameters are taken when the 
likeliheod variable has a minUnum value below a threshold, this is, the new sample 
is completely predictable with the previous and the algor:ithm has converged (ref. 
5). The algor:ithm weighs the data exponentially with memory facter ß. 

Data compression 

The general purpese of these techniques is to reduce the number of frames (LPC 
vectors) in order to decrease the computational expenditure and memory 
requirements. In this work, we deal with a fixed length compression technique 
which is a general ized vers ion of the well knewn "trace segmentat ion". 

Trace segmentation performs a redistribut:ion ef the spectra sequence taking 
inte account the cumulative distance along the template. The cumulative distance 
is defined as follows 

m-1 
D(n,m)= l: d(k, k+l) 

k=n 
(1) 

where d(k,k+l) is the Itakura distance between two LPC vectors. After computing 
the cumulat ive distance ( t race) f rem the f irst to the last f rame ef the init ial 
sequence, the new sequence is obtained dividing the initial trace into a fixed 
number ef unifermly spaced segments. The new sampling rate is given by a threshold 
calculated for each utterance as 

T = D( 1 ,Q) I ( L-1) (2) 

being L the new length and Q the eld length. One f rame of the new reduced sequence 
is ebtained by linear interpelation from the autocorrelation ceefficients ef twe 
censecut ive f rames. 

Frem another point of view, this algorithm computes the incremental 
information between ene template vector and the preceding ene. In seme cases, this 
computation is eneugh te find the transitiens aleng the templates, particularly 
wren the transitions are streng. However, this fact may make the algerithm mask 
slow trans itiens which are impertant te discriminate this utterance from ethers. 
Fer this reason, we introduce a generalized versien where the incremental 
infermation is measured by computing the distance among one vecter and the 
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preceding. Thus, one vector has a weighed cumulative distance defined as 

s i-1 
D = I: o d . (3) 

n i = 1 n,n-1. 

where o;;;; 1, and it can be interpreted as the innovation of the vector 'n' with 
regard to the S previous vectors, weighing the time difference among frames with a 
exponent ial window in order to give more importance to the nearest vectors. 

Thus, the trace of the initial sequence is computed us ing the new criterion 

m 
D(n,m) = I: Dk 

k=n 
and the threshold is given by (2). 

(4) 

Furthermore, the compression rate can be performed with different degrees of 
nonlinearity defining the distance between two spectra as drk k+l so, when r(1, 
the transitions are less favored with respect to the stat ionacy parts than when 
r=1. When r=O, the compression is a linear length normalization. When r)l, the new 
frames are more allocated where the spectrum is changing quickly than where it is 
changing slowly (ref.5). 

EXPERIMENTAL RESULTS 

For testing, a speaker dependent LPC isolated word recognition system 1 ike the 
classical one form Itakura (ref. 7) was used. Two data base consisting of the 
Catalan digits ( table 1) and a highly confused subset (E-set) of the Spanish 
alphabet vocabulary (table 2) were used. The first data base was recorded in a 
quite room and the secend one was recorded in a laboratory envi~<f.ment. Tre speech 
signal was sampled at 8 Khz, pre-emphasized (H(z) = 1 - 0.95z ) and an order 8 
was used in the LPC analysis. The first data base consisted of ten repetitions of 
the Catalan digits uttered by two male and two female speakers (400 words). The 
secend one consisted of seven repetitions of the 'E-set' uttered by two male and 
one female speakers (147 words). The beginning and end of every utterance were 
automatically detected by means of an algorithm based on the signal energy. In the 
recognition tests, each repetition of the ten word vocabulary was altematively 
taken as reference and the others as test, so obtaining 900 test for each speaker 
in the digit vocabulary and 294 test in the E-set vocabulary. 

1 /u/ 6 /sis/ b /be/ g /ge/ 
2 /dos/ 7 /s€t/ c /ce/ p /pe/ 
3 /trcs/ 8 /wit/ ,/buit/ d /de/ t /tel 
4 /kuatra/ 9 /nou/ e /e/ 
5 I s iTJk/ 0 /~eru/, /s cru/ 

table I. Pronunciation of the 
Catalan digits. 

table II. Pronunciat ion of the 
'E-set'. 

The primary focus of these recognition tests is to study the performance on 
using bleck and recursive estimation in the LPC analysis, with a fixed length 
compression scheme. Block analysis was performed using a window width of 30 ms. 
and a shift of 15 ms. with the digit data base and a shift of 10 ms. with the 
E-set data base. Without using data compression, the average error rates obtained 
are 0.91 % for the digits and 22.22 % for the E-set. Data compression was applied 
with several values of r, S, o and m1m.ber of frames. Table 3a shows the results 
when o is equal to 1. It shows that the best results are obtained for large 
values of S and non-linear compression with r equal to 0.5. lt can be noted that 
the error rate is reduced from 0. 91 % to 0.58 % using data compression to 30 
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frames. If 8 <1 is used, the error rate increases. With the E-set data base, the 
best results, table 3b, a re obtained for values of S and 8 equal to 1 and 
non-linear compression (r=1). Tre average error rate is reduced from 22.22 % to 
17.92% using data compression to 15 frames. When recursive analysis is used, data 
compression must be applied because of the nurober of LPC vectors obtained by this 
method is too high. In the voiced sounds, a LPC vector is obtained for each pitch 
period. The memory factor ( ß) is varied from 0.95 to 0.99 in 0.01 steps. Table 4a 
shows the results obtained with the digit data base. The best result, 0.36 % 
error rate, is obtained for 30 frames reduction with a metrory factor equal to 0.96 
and 1 inear compression. It can be noted that the error rate is less than 1 % until 
10 frames reduction. The best result is not ünproved by values of S greater than 1 
and 8 equal to 1 is the best choice. With the E-set data base, the memory factor 
is also varied from 0.95 to 0.99 in 0.01 steps and the best results are obtained 
for values between 0.98 and 0.99. The use of o equal to 1 and large S ünproves the 
recognition rate (table 4b). The minünum error rate obtained is 15.8 % that is 
lower than the minünum error rate obtained with block analysis. 

Frames 30 15 10 5 
s r 1 .5 0 .5 0 1 .5 0 1 .s 0 
1 1.5 .97 .86 1.66 1.0 1. 14 1 • 66 1. 3 9 1.33 5.22 4.05 3.53 
3 1. 28 • 81 .86 1.55 .97 1.00 1.86 1.11 1.33 4.08 3.36 3.55 
7 • 94 • 58 • 86 1.11 .81 1. 00 1. so 1. 40 1.33 3.50 3.39 3.55 

Table IIIa. % error rate with 0=1 (Digit data base) 

Frames 15 10 5 
S r 1 .5 0 1 .5 0 1 .5 0 
1 18.71 17.92 21.77 18.71 19.96 24.49 22.56 24.03 26.41 
3 18.94 19.62 21.77 18.94 19.05 24.49 23.58 24.04 26.41 
7 19.96 20.64 21.77 21.88 21.09 24.49 26.30 25.85 26.41 

Table IIIb. % error rate with 0=1 (E-set data base) 

Frames 30 15 10 5 
ß 8._ r 1 

0.95;0.2 2.03 
0.5 0 1 0.5 0 1 0.5 0 1 o.s 0 

0.81 0.97 2.28 0.94 1.00 3.19 1.17 1.56 13.67 9.33 8.83 
0. 96; o. 2 1. 94 0.75 0.36 2.61 0.81 o. 61 3. 08 0.97 1.06 14.22 10.28 6.86 
0.97;0.2 2.72 1.33 0.75 3.03 1.36 0.75 3.78 1.92 1.06 15.78 11.67 8.92 
0.98;.15 3.36 1.06 0.92 3.61 1.22 0.92 4.75 1. 97 1.53 15.06 11.17 9.11 
0.99;.15 6.19 1.72 2.00 6.33 1.94 2.14 7.28 2.33 2.61 13.31 9.69 9.36 

Table IVa. % error rate with 8=1 (Digit data base) 

Frames 15 10 
S r 1 .5 0 
1 17.69 17.92 30.84 

1 .5 
17.69 19.50 

0 
36.28 

Table IVb. % error rate 
with 0=1 

3 18.14 16.89 30.84 18.14 18.71 36.28 (E-set data base) 
7 15.82 17.00 30.84 18.37 18.71 36.28 
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