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ABSTRACT

This paper presents a knowledge based approach to
consonant recogntion. In traditional knowledge based
systems, the expert is the lingu st/phoretician who attempts to
describe and quantify the amustic events, in the form of
production rules into phoretic description. This paper
propases to alter the expert's role so that the expert only needs
to provide the basic structure of the phoretic dasdfication.
The knowledge itself can then be induced from examples in
the areal structure. Thus the awoustic-phoretic rules are
moved from the expert's head to the machine memory via the
languege of examples rather than via the languege of explicit
articulation. Recwogntion results on three broad phoretic
clases, namely plosives, semi_vowels and nasals, for a
combination do fedure sets, for spe&ker dependent and
independent recognition, are presented.

1. INTRODUCTION

One of the major difficulties in automatic speed reaogrition
(ASR) is the extreme variability of the speed signa at the
speker and aooustic-phoretic level. Pattern reacognition
approaches can hande this variability to some etend by
being dbta driven, but generaly ignae a®ustic-phoretic
fedures. The use of knowledge/rule based approach to
continuows Peed recogrition hes been proposed by several
reseachers and applied to speet recognition [1], spedrogram
reading [2, 3] and speed understanding systems [4]. In
general, the production rules are in the form of IF condition
THEN action. In speed recogrition, there is aways the need
to generate alditiona rules to hande exceptions. Very
quickly, the number and complexity of the rules increases to
such an extent that it is very difficult, for human experts, to
generate heuristically, a large number of interrelated rules,
from empiricd lingustic knowledge or from the observations
of the speed data. To owvercome this problem, Aikawa [5]
propases an automatic rule generation approac for rule-based
consonant  discrimination. The rules are generated
automatically from the database.

Indwctive systems have been widely used for colledion
classficaion knavledge from large databases and colledions
of examples. The essence of induction is to use
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aknown set of examples to atheory that explains both
these examples and, hopefully, other unseen examples as
well [6]. Since the most succesdul reagrition systems
are data driven, where the structure and charaderistics of
the speed signal is captured implicitly from the training cta,
this paper propcses a data driven knowledge-based approach
to consonant recogrition in continuows Peed. The system is
based on automatic generation d prodwction rules from
examination d hand segmented and labelled database by the
use of an induction system (C4.5) [7]. The gproach is based
on two asumptions. First, it asaumes that data driven
methoddogy is the way to solve the problem of inter and
intra speker speed variability. Seoond, it asumes that
indwctive leaning hes the &ility to generdlise the
charaderistics of the speed signal explicitly from the
database.

The motivation here is to develop a flexible ASR system that
allows the generation d production rules from any number of
different feaure combinations, including traditional acoustic-
phoretics, speet spedfic or spedrally based feaures or
parameters.

Sedion 2 introdwces the training and recogrition strategy.
Rewmgntion results for a relatively small database ae
presented for the consonant classreagritionin sedion 3 The
performance evaluation d the recognizer using four different
feaure extradion modues are shown in sedion 4 Sedion 5
discusses the alvantages of inductive systems for speed
recognition with section 6 concluding this paper.

2. TRAINING AND RECOGNITION STRATEGY

2.1 Database

The speed database mnsisted of 195 Australian acceited
English phrases and included all the permissble sounds of the
languege in @l posgble mmbinations by class The phrases
were @lleded from two females and ore male speker, eah
reading the phrases from prepared text, only once The
phrases were devised and colleded by National Acoustic
Laboratories as part of the GLASS projed. The recordings
were made in an anechoic room. The speet was sampled at
40 kHz, and dgitised into 16-bit samples. The speed was
down sampled to 16 kHz for final analysis by the feaure
extradion modues. The database was hand segmented and
phoreticdly labelled by The University of Sydney as part of
the same projed. Table 1 shows the dasdficaion d the
speakers in the database.



Speaker No. Sex Classification
1 Female General to educated
2 Female Broad to general
3 Male Broad

Table 1. The classification of the speakers in the database.

The onsonant classes of plosives, semi_vowels and nasals
were seleded for investigation since these tend to be more
difficult to recogrize Table 2 shows the number of phoretic
classtokens for eat speser. These tokens are acording to
the hand labelled transcription by the phonetician.

Consonant Number of Tokens
Class Speaker 1 Speaker 2 Speaker B
Plosive 1140 1130 1049
Semi_vow 655 570 558
Nasal 599 561 560

Table 2. Number of phonetic class tokens for each speaker.

2.2 Training

A block schematic of the training and recogrition strategy is
shown in Figure 1. Four different feadure extradion modues
have been used to train and test the recognition system.

The first feaure extradion modue (MFCC) generates MFCC
coefficients. The second modue (DCT) is an auditory front
end [8] based onthe Generalised Synchrony Detecor (GSD)
propased by Seneff [9] and modified so that the synchrony
output is transformed by Discrete Cosine Transform (DCT)
function to produce aset of coefficients smilar to MFCC.
Both of these modues generate 12 MFCC/DCT, 12 ddta
MFCC/DCT and an energy term. The third modues

(TRAJ) extrads formant and formant transition information
from the output of the auditory model. The fina modue
(FEATURE) extrads from the speed signal, various time
domain fedures such as root mean square (rms), maximum
amplitude, zero crossng rate, voicing, energy, envelope, AC
pe&k to pe, difference between maximum and minimum
values in the pasitive and regative halves of the signal and
auto-correlation pe&k. Modues 1 and 4 extrad fedaures in the
time domain, while modues 2 and 3extrad feaures from the
auditory model in the frequency domain.

The feaure etradion framework allows the wlledion o
attributes used to describe the phoretic dass These &tributes
are of two kinds: those whose posdble values form a small
discrete set, and those whose values were red numbers. For
example, the value of attribute F1 trajedory can have values
in R, L, F indicaing rising, level and faling F1 trajedory,
while the value of F1 can be awy (positive) red number.
Attributes of either kind may have unknowvn values for a
particular phoretic dass and these ae designated with a
question mark (?).

During the training plese, the feaure extradion framework
extrads feaures or parameters from the cntinuows peed on
aframe by frame basis. The time digned phoreticdly labelled
files are then used to assciate eab frame with its
correspondng label and generate atraining dbtafile. This data
fileis constructed onthe basis of the training samples, which
contain labelled examples in the form (X,a), where X is a
fedure vedor and a is the crrespondng classThis data file

is then used by the C4.5 program to generate a decision tree.

Table 3 shows the feaure set for the four different feaure
extradion modues, namely MFCC, DCT, FEATURE and
TRAJ that were used to test the recognition system.
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Figure 1. Block schematic of training and recognition strategy



Parameters of Feature Extraction Modules

MECC DCT FEATURE TRAJ
12 mfcc 12 DCT rms F1
coeffs coeffs max_amp F2
12 delta 12 delta zer F3
mfcc DCT
coeffs coeffs voicing F4
energy energy energy F5

local_diff p trajF1
local_diff n trajF2

envelope trajF3
auto_peak trajF4
ac_pp trajF5

Table 3. The feature set used in the various feature
extraction modules.

2.3 Recognition

The recogrition was performed at the frame level and the
performance was evaluated by comparing ead clasdfied
frame aainst the reference frame derived from the hand
labelled data. This procedure dlowed the rred
identification o substitutions and insertions per frame. An
inference engine (written in Prolog) was used to exeaute the
decision tree [10].

2.4 Combination of Features

To evaluate the significance of the feaures combinations in
improving a degrading the remgntion performance the
fedures initialy seleded for the TRAJ modue were
augmented with a seledion d feaures from the FEATURE
modue. This resulted in four new feaure modues, namely
t1_TRAJ, t2_TRAJ, t3_TRAJ and t4 TRAJ. Table 4 shows

the combination of features used for each variation on TRAJ.

3. RECOGNITION RESULTS

Tables 5 and 6 show the overall performance, for speaker

Parameters of Feature Extraction Modules
t1 TRAJ t2_TRAJ t3_TRAJ t4 TRAJ
F1 F1 F1 F1
F2 F2 F2 F2
F3 F3 F3 F3
F4 F4 F4
F5 F5
trajF1 trajF1 trajF1 trajF1
trajF2 trajF2 trajF2 trajF2
trajF3 trajF3 trajF3 trajF3
trajF4 trajF4 trajF4
trajF5 trajF5
rms rms rms rms
zcr zcr zcr zcr
envelope envelope envelope
auto_peak auto_peak auto_peak

Table 4. The combination of feature set used for
variations on TRAJ feature extraction module.

dependent and independent reoogntions respedively, for
spekers 1, 2 & 3 in % corred, for the various fedure
extradion modues. For spe&ker dependent recogrition, the
system was trained and tested on the same speer, while for
spedker independent recogrition, the system was trained on ore
speaker and tested on the other two in turn.

Speaker Dependent Recognition Results (% correct)
Phone| MFCC DCT FEATURE TRAJ
Class | Min [ Av. [ Min | Av. | Min | Av. | Min | Av.

Plos | 96 | 97 | 97| 97.3| 96 | 96.3| 79| 82
S vow| 93 | 93.7| 93 | 93.3| 75 [ 76.7| 69 | 75.3
Nasal | 93 [ 93.7] 93 | 93.3| 82 | 83.3] 79 | 82.7

Table 5. Speaker dependent recognition results, for consonant
class recognition, for various feature extraction modules,
for speakers 1,2 & 3.

Speaker Independent Recognition Results (% correct]
Phone| MFCC DCT FEATURE TRAJ
Class| Min | Av. | Min | Av. [ Min [ Av. | Min | Av.

Plos | 84 | 87| 83|87.3] 86| 90 | 65[ 78.2
S vow| 56 | 65.8| 41 | 53.8( 53 | 60.5| 44 | 56.2
Nasal | 13 | 37.5| 33 | 48 | 47|56.7| 14 [ 48.8

Table 6. Speaker independent recognition results, for consonar
class recognition, for various feature extraction modules,
for speakers 1, 2 & 3.

Tables 7 and 8 show the overal performance for spedker
dependent and independent reoogntions respedively, for
spekers 1, 2 & 3 in % corred, for the variations on TRAJ
feature extraction module.

Speaker Dependent Recognition Results (% correct
Phone| t1 TRAJ | t2 TRAJ| t3_TRAJ t4 TRAJ
Class | Min | Av. [ Min [ Av. | Min | Av. | Min [ Av.
Plos | 89 | 92.7] 90 [ 92.3| 91 | 92.7] 91 | 92.7
S vow| 78 [ 81.7| 82 | 86.7| 82 [ 86.3| 83 | 86.7
Nasal| 78 | 84| 83| 89| 88|88.7| 83| 88.7

Table 7. Speaker dependent recognition results, for consonant
class recognition, for variations on TRAJ feature extraction
module, for speakers 1,2 & 3.

Speaker Independent Recognition Results (% correct)
Phone| t1 TRAJ t2 TRAJ| t3 TRAJ t4 TRAJ
Class [ Min [ Av. [ Min | Av. | Min | Av. | Min | Av.
Plos | 74 | 83.5| 79| 85| 79| 85.2| 79 | 84.2
S vow| 60 | 67| 61| 67.7] 59 | 68.7 62 | 70
Nasal | 13 | 45.8| 16 | 48.2| 15 | 45.3| 17 | 45.7

Table 8. Speaker independent recognition results, for consonar
class recognition, for variations on TRAJ feature extraction
module, for speakers 1,2 & 3.



4. PERFORMANCE EVALUATION

The implementation d the proposed approach was evaluated
at the speed frame level, on a relatively small corpora of
Australian acceited English database. Across the three
spekers (2 Females and 1 Male), this approach produwced an
average consonant classreagrition acaragy, for the speaker
dependent mode in the range of 80.0% to 948%, and for the
speeker independent mode in the range of 61.0% to 690%,
depending on the fedure etradion modue. For speeker
dependent recognition, the best performing fedures were
MFCC and DCT, with an average recogrition rate of between
94% to 953% between the three ©nsonant classes. The
average recgrition rate between al of the feaure extradion
modues was between 8®6 to 901%. For the spedsker
independent reacogrition, the best performing fedure was
FEATURE, with an average rewmgrtion rate of between
62.0%-76.3%. The average recognition rate between all of the
feature extraction modules was between 51.5% to 76%.

It can be seen from table 7 that the performance of the
recognize for the speeker dependent mode can be improved
by the choice of the feaure combinations. By the inclusion o
fedures zcr and rms, a minimum recaogrition improvement of
10% (plosives) and P% (semi_vowels) was achieved. By th
einclusion d a further two feaures, envelope and auto_peak,
the recogrition improved by a further 1-2% (plosives), 4-5%
(semi_vowels) and P (nasals). Similar performance
improvements were obtained for speeker independent mode &
can be seen from table 8.

The performance ealuation indicaes that for speaker
dependent reamgnition, spedrally based fedures sich as
MFCC and DCT coefficients perform better than the feaures
based onaamustic-phoretics. This may be due to the fad that
these feaures were probably nat optimum for the task on
hand. For spe&ker independent reaogrition, the performance
of dl the fedure modues were similar. One posshle
explanation may be that since eab dedsion tree was trained
on a single spe&ker and tested onthe other two, the dedsion
tree oud na be dassfied to be truly spegker independent.
The performance results aso indicae that the feaure
combination dees play a significant role in improving the
recognition accuracy.

5. DISCUSSION

Traditional knowledge/rule based ASR systems rely on the
expert to describe and quantify the aoustic events, in the
form of production rules into phoretic description. The data
driven rule based approach using inductive leaning from
examples helps to eliminate the bottle-neck in transferring
knowledge from the expert to the system developer. In
addition, indwctive leaning can quantify from the parameters
a set of rules that can reliably identify a dass of sound A
further advantage is that a large database can be used to
extraa the knowledge aitomaticdly and generate adedsion
treewhich is derived acording to the parameters or feaures

that provide most information abou a dasdficdion. Thus
only those parameters are used as discriminating fedures.
This aso helps to optimise the size of the feaure set that
needs to be extracted.

6. CONCLUSION

This paper demonstrated a data-driven knowledge/rule based
approach to broad consonant clasdficaion, namely plosives,
semi_vowels and nasals, for a cmbination d fedure sets
using indwctive leaning to generate the production rules in
the form of dedsion trees and an inference engine to classfy
the firing d the rules. The experimental results indicate the
ability of this approac to solve the problem of inter andintra
spesker speed variability by the use of a large speed
database, and the avility to generate dedsion trees using any
combination o fedures (parametric or acustic-phoretic).
This paves the way for the true integration d feaures from
existing signal procesdng techniques that have proven to
produwce good results in stochastic modelling with amustic-
phoretic feaures, including the incorporation d speed
specific knowledge into the decision tree.
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