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Guest Editorial 
Computer Science and Information Systems: 

The Future? 

Philip Machanick 

Department of Computer Science, University of the Witwatersrand, South Africa 
philip©cs.vits.ac.za 

1 Introduction 

As president of the South African Institute for Com
puter Scientists and Information Technologists (SAIC
SIT), I have visited a number of campuses and compa
nies, in an attempt at arriving at a general assessment 
of the state of our subjects in South Africa. 

An issue which I consistently pick up is that 
while everyone seems to think that computer-related 
skills are extremely important and in short supply, 
our academic departments are also extremely under
resourced. 

At the last Southern African Computer Lecturers 
Association (SACLA) conference (28-29 June, Golden 
Gate), I had the opportunity to discuss the problems 
other academics see. This editorial lists some of the 
problems reported at SACLA, and proposes a way for
ward. 

2 Problems 

At SACLA, I led a discussion of problems seen in our 
academic departments. 

There was wide agreement that both Computer 
Science ( CS) and Information Systems (IS) depart
ments were under pressure to increase student num
bers (massification), and were seen as cash cows to 
prop up less popular subjects. It was broadly agreed 
that staffing was a critical issue: too few posts for 
the workload, salaries way out of line with industry 
(half or less, as compared to the US, where an aca
demic salary may be 80% of an industry salary). Re
cent graduates often make more than professors which 
makes it hard to persuade our students to become 
academics (even to do higher degrees). Attracting a 
recent PhD with a sense of adventure is may be possi
ble, but attracting experienced people' used to earning 
a salary in a strong currency is hard. IS jobs are worse 
than CS, as the skills required are more like those in 
business. Support staff salaries are an even harder 
issue: their skills relate even more directly to job de
scriptions in industry. 

A problem in addressing our concerns is that we 
are so overworked that we don't have time for "poli
tics": academics with no students have time on their 
hands, but we don't. More industry support not only 
with directly addressing problems but with taking on 
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university administrations would be useful, but they 
too have major problems and don't have free time. 

3 Solutions? 

Solutions are liarder to identify than problems. 
The SACLA session ended with a proposal that we 

conduct surveys of our institutions and businesses, to 
find out what the problems are, as a starting point for 
going to university administrations, gover~ment and 
business. 

Another idea was to attempt to find common 
cause with business in taking on problems they have 
in common with academia, including the skills short
age, the insufficient capacity of our education system, 
and dealing with employment equity. 

One of our biggest difficulties is to free up time to 
deal with issues such as resource allocation within our 
universities. The "competition" is frequently other 
academics with time on their hands, since they have 
too few students, and therefore are in a posit.ion to 
spend time looking after their interests. 

What is needed now is some thought about how 
to pull ourselves out of the mess we are in. In partic
ular, we need strategies to exploit our strengths: our 
high demand among students, the high demand for 
the skills we produce and the ubiquitous applicability 
of computer technology. 

Given the wide use of computers, it would seem 
obvious that our areas should be strongly supported 
by a range of role players, yet the fact that so many 
different groups are interested in computer technology 
in one way or another has tended to fragment c~fforts 
to enhance our industry and academic institutions. 

Clearly, from conversations I_ have held, some de
partments are in much better shape than others. Even 
so, some kind of collective effort is likely to achieve 
more results than if we allow ourselves to be pushed 
around as individuals. Addressing the fragmentation 
of efforts seems a worthy goal in itself, to reduce du
plication and contradictory goals. 

I appeal to anyone who has constructive i(h-!as on 
how to take our subjects forward to cont.a.ct nw. Let 
us work on building ourselves up. The economy de
pends on us, much more than on most other academic 
disciplines. It's time we made that pointi and ma.de 
it strongly. 
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Technical Report 

Connected Digit Recognition in Afrikaans Using Hidden Markov 
Models 

C. Nieuwoudta and E.C. Bothab 

Department of Electrical and Electronic Engineering, University of Pretoria, Pretoria 0002, South Africa 
achris@ee.up.ac.za, hbotha@ee.up.ac.za 

Abstract 

We implement and evaluate the performance of a state-of-the-art connected digit recognition system for spoken A.fi-ikaans 
digits. The creation of a database for our purpose is discussed. Results indicate that an efficient implementation achieving 
high recognition accuracy (99.2% digit accuracy and 93.3% string accuracy) is attainable. Results also indicate that 
improvement due to duration modelling is confined to cases where there are relatively few states per hidden Markov model 
(HMM). 
The HMM is used to model the statistical properties of speech signals, as it is well understood and forms a main com
ponent of almost all state-of-the-art automatic speech recognition systems. Continuous models, in particular multi-modal 
Gaussians, are used to model speech feature distributions. Experiments are performed on a database consisting (l spoken 
telephone numbers in Afrikaans from 33 speakers. An HMM is initialised for each digit from labelled isolated digits and 
embedded re-estimation is used to further train models on continuously spoken telephone numbers. Parametric models. in 
the form of the Gamma distribution, are used to model word and state duration density. Duration modelling is incorporated 
as part of the recognition process. Classification experiments are performed on continuous digit test data and performance 
is measuredfor a range of modelling parameters. 
Keywords: connected digit recognition, duration modelling 
Computing Review Categories: G.3, 1.5 

1 Introduction 

When developing speech recognition systems, the avail
ability of labelled speech data is probably the most im
portant criterion affecting the success of the effort. For 
most South African languages, including Afrikaans, lit
tle speech data is available. As our first endeavour in 
Afrikaans speech recognition we have therefore decided 
to develop a task specific speech recognition system which 
needs only a small vocabulary and does not have the need 
for complex language modelling. ·A small sized vocabu
lary allows us to relatively easily capture and label enough 
data to train and evaluate a speaker independent recogni
tion system. The absence of complex language modelling 
implies that the task syntax can be represented in a simple 
way by a finite state machine. 

Connected digit recognition is a prime example of 
such a task specific system since it has a very small vocab
ulary and is described by a simple grammar. Previous re
search on the recognition of Afrikaans digits has focussed 
on isolated digit recognition[2] and wordspotting[3]. Con
nected digit recognition is still an actively researched topic 
[6, 11] and is often used for testing new ideas in automatic 
speech recognition. Connected digit recognition is useful 
for many applications such as voice dialling of telephone 
numbers, automatic data entry, credit card entry, etc. 

Rabiner et al[8] achieved very good results using hid
den Markov models (HMMs) and cepstral, as well as delta 
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cepstral speech features on the Texas Instruments (TI) con
nected digits database[5]. Several improvements have been 
reported on the performance of similar systems also using 
the TI database by e.g. improving duration modelling[ I, 6] 
or adding filler models[9, 11 ]. 

In this paper we report on the creation of an Afrikaans 
spoken digit database and on results achieved using an 
HMM system with continuous Gaussian distributions and 
duration modelling. A digit accuracy of 99.2% and a string 
accuracy of 93.3% was achieved on unknown length con
nected digit strings in Afrikaans. 

The organisation of this paper is as follows. In Sec
tion 2 we discuss the creation of the digit database. In Sec
tion 3 we discuss all aspects of the speech recognition sys
tem, from preprocessing, feature extraction and training, 
to the search algorithms which implement the recognition. 
Section 4 presents the experiments performed and results 
obtained. We conclude in Section 5. 

2 Spoken Digit Database 

A graphical user interface on a computer was used in the 
acquisition of the data in order to automate the process. 
Once the user was logged into the system after typing in 
his or her student number, the program gave the user a de
scription of what was expected and proceeded to prompt 
the user to say various digit strings. The first two digit 
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number of speakers 
isolated word digit strings 
continuously spoken digit strings 
average digit string length 
sampling rate 
quantisation 
average Signal-to-Noise Ratio (SNR) 
lowest SNR for a speaker 
highest SNR for a speaker 

33 male 
66 

227 
9 digits 
8kHz 
16 bits 

16.8 dB 
5.4 dB 
23.6 dB 

Table 1: Description of Afrikaans digit database 

strings were to be spoken as isolated digit strings, i.e. with 
pauses between digits, and the next ten digit strings were 
to be spoken continuously, as one would normally say tele
phone numbers. The digit strings were created at random 
with a uniform distribution, with the exceptions that each 
digit appears only once per discretely spoken digit string 
(to cover all digits equally) and the first three digits of70% 
of the continuous strings conform to various South African 
long-distance and cellular prefixes. String length varies 
from 7-digit local telephone numbers to 10-digit cellular 
and long-distance telephone numbers. The reason for imi
tating real telephone numbers is to have the speakers speak 
as naturally as possible. It is well known that speech read 
from prepared text differs from spontaneous speech [12], 
but people generally each have their own way of saying 
telephone numbers and the recordings should thus be rea
sonably natural. 

A summary of database parameters is given in Table 1. 
The database contains speech from male speakers between 
the ages of 20 and 28. A headset with a built-in micro
phone was used to record the data. The use of a head
set minimises the possibly large gain differences that can 
be caused by large variations in the distance between the 
speaker and the microphone[4]. 

The strings of isolated word digit strings from the first 
12 people in the database were labelled at word level. For 
the rest of the digit strings, including all the continuously 
spoken digit strings, word level transcriptions, as generated 
by the acquisition program, were included in the database. 
The transcriptions were compared to the actual speech and 
were changed in four cases to compensate for incorrect se
quences of spoken digits. In another three cases speech 
files were missing or were found not to. contain digit se
quences and were omitted from the database. It is interest
ing to note at this point that although speaker and record
ing errors were rare - just more than I% .of recordings - it 
exceeds the digit error rate achieved with the recognition 
process. 

The speech data was found to be relatively noisy, with 
a steady hiss of wide band noise appearing in all the record
ings. This is most likely due to an impedance mismatch 
between the sound card and the microphone. In order 
to estimate the Signal-to-Noise Ratio (SNR), each utter
ance was Viterbi-aligned with the models corresponding 
to the word transcription for the utterance. Detail on the 
training of models and alignment with speech is given in 
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Section 3. Since models were used both for digits and 
for pauses before, after, and in between speech, the labels 
could be used to distinguish non-speech from speech. The 
non-speech segments include not only background noise 
and noise from the measurement process itself, but also 
noise generated by the speakers, such as breath intake and 
release. The SNR was calculated for all the utterances and 
computed separately for each speaker. A large variation in 
SNR exists amongst the speakers as is apparent in Table 1. 
Junqua[ 4] reports that performance is rather uniform for 
SNRs greater than 25 dB, but that there is steep degrada
tion in performance as SNRs decrease below this thresh
old. In our case the average SNR is only 16.8 dB and thus 
it is expected to limit the achievable performance. 

3 Connected Digit Recogniser 

The main components used in the training and testing of 
the speech recognition system[?] we developed are: 

• feature extraction in which speech signals are con
verted into sequences of mel-scaled cepstral coeffi
cient vectors along with their time derivatives, 

• training of HMMs, which includes the Viterbi align
ment and Baum-Welch algorithms, 

• pattern matching in which the feature vectors are 
matched using dynamic programming to a set of 
trained HMMs. 

We now proceed to discuss each of these items in de
tail, along with a general description of hidden Markov 
modelling and duration modelling. 

3.1 Feature Extraction 

The speech signal is blocked into frames of 16 ms and 
spaced IO ms apart - delivering 6 ms of overlap hctween 
successive frames. This chbice has been empirically deter
mined to deliver good performance. Frames, consisling of 
128 samples each, are used to compute Linear Predictive 
Coefficients (LPCs ), from which 13 me I-scaled cepstral 
coefficients are calculated. The performance was found to 
be reasonably insensitive to the number of coefficients and 
we opted for using 13 coefficients, which is also commonly 
reported in the literature. Temporal information about the 
speech signal is incorporated by estimating first and second 
time derivatives for each of the 13 coefficients. A second 
order linear regression is applied to each set of five consec
utive coefficients in order to obtain a smoothed estimate of 
the first and second time derivatives. The ohservation se
quence o used for matching with HMMs thus consisls of 
the 13 met-scaled cepstral coefficients plus first and sec
ond time derivatives, totalling 39 elements, at each frame 
time. A detailed description of the feature extraction pro
cess can be found in [7]. 
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3.2 Hidden Markov Models 

An HMM, signified by A., is described by two sets of pa
rameters 

• a state transition matrix A = {a;,;} reflecting the prob
abilities of making transitions from each state i to each 
other state j, 

• a state observation density function b ;( o) reflecting 
the probability of observing observation vector o in 
state j. 

The models are first order HMMs since each transition 
probability to a next state depends only on the current state, 
and not on which states were previously traversed. Left-to
right HMMs are most commonly used for speech recogni
tion. In left-to-right models the state transition probabili
ties a;,; satisfy the constraints a;,; = 0 for i < j - I and i > j. 
The assumption is that observation sequences correspond
ing to the same HMM traverse the same discrete sequence 
of statistical properties. This agrees with our phonetic un
derstanding of speech as exhibiting piecewise continuous 
behaviour to a large degree. This unfortunately does not 
explicitly allow for the modelling of too much variation in 
the way which the same word may be pronounced other 
than for time warping of the speech signal. 

In our modelling convention, for convenience, we de
fine a dummy initial state number O in each HMM. For an 
HMM with N states, the indices i and j therefore vary from 
Oto N. State O takes the place of having an initial probabil
ity vector for defining allowable transitions to state I of the 
HMM. It will also aid us later in describing the implemen
tation of the level building algorithm used for successive 
Viterbi searches. 

The Markov models are termed "hidden" due to the 
fact that the states are not observed directly in the observa
tion sequence, but rather indirectly through modelling of 
observation distributions in each state. Gaussian mixtures 
are used to model the observation probability density func
tions. The PDF of observatio~ o at time t in state j takes 
the form 

M 

b;(o,) = L CjmN[o,,µ; 111 ,l:;mJ, (I) 
m=I 

where M is the number of mixture components, Cjm is the 
weight associated with the mth mixture in the jth state, N is 
the multivariate normal density(not to be confused with the 
number of states in an HMM), µ_;m is the mean vector of the 
mth mixture in the jth state and Ljm is the covariance ma
trix of the mth mixture in the jth state. In order to greatly 
reduce the number of parameters and since the elements of 
o, are largely uncorrelated, we make the assumption that 
l:;111 is diagonal. The observation density function expands 
to 

M nF e-(o{-11j111.f-)2 /2071111 f=I . 
b;(o1) = L Cjm ( )(F/l)( F ) , (2) 

m= I 21t Of= I CTjmf 
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where o{ is the f th element of the observation vector at 
time t, F is the number of feature vector elements, and 
CTjmf is the fth covariance on the diagonal of l:1,,,. 

3.3 Duration Modelling 

It is commonly believed that the duration modelling as
pect of the HMM approach to speech recognition is a ma
jor weakness. Conventional HMMs implicitly model state 
duration by a Geometric distribution, i.e. 

p;('t) = a;;- 1 
( I - a;;), (3) 

where a;; is the auto-transition probability in state i and 't 
is the duration in number of frames. The Geometric distri
bution is not able to model individual state duration prob
abilities well since it can only represent an exponentially 
decreasing probability density function. Explicit duration 
densities for states may be specified and in such a case the 
models are called semi-Markov models [7]. State duration 
density may be modelled with estimated discrete duration 
probabilities d;( 't), 't = I, 2, .. , 11nax for each duration up to a 
maximum duration 't~wx- This approach has the disadvan
tage that a large number of parameters has to he estimated. 
Modelling duration with parametric functions greatly re
duces the number of parameters. A popular function for 
modelling state duration probability is the Gamma distri
bution 

(4) 

which has only the parameters ex and p that have to be 
estimated for each state duration model. Initial algo
rithms for duration modelling were very computationally 
expensive[?], and a post-processing approach[8] was often 
used. The post-processing method uses duration metrics to 
re-score a number of the best paths obtained from a search 
process. This approach fails where the best re-scored path 
is not amongst the obtained best paths, and is thus not re
scored. An efficient approach towards incorporating dura
tion modelling into the search process has heen proposed 
by Du Preez[3] and a similar approach was later indepen
dently proposed by Burshtein[ I]. Both approaches make 
it possible to add a duration metric at each time frame and 
to thus obtain the true best path, yet in a computationally 
efficient manner. We employed the method proposed by 
Burshtein. · 

3.4 Hidden Markov Model Training 

Separate HMMs are used to model each digit from zero to 
nine. An HMM is also used to model the pause often found 
between spoken digits and another HMM is used to model 
the pause before and after each digit string utterance. Con
nected word strings are modelled by conceptually stringing 
together successive HMMs for digits and pauses. 

The parameters that have to be estimated in training an 
N state HMM are: 

87 



Technical Report 

• N + I independent transition probabilities (a;,;+ 1 = I -
a;; for the left-to-right model and other off-diagonal 
values are zero), 

• NM mixture weights, 

• NM F mean and covariances values and 

• 2N duration parameters if duration modelling with the 
Gamma distribution is used. 

The parameters are estimated by examining the distri
bution of features in training data. Initially labelled train
ing samples of each digit are used to train each HMM. 
In our database, the only labelled samples available are 
from discretely spoken digits. This training is relatively 
fast since only a subsection of the total training data is 
used. Though the discretely spoken digit characteristics 
probably differ somewhat from those of the continuously 
spoken digits, it does not matter much since this training 
serves only to produce models that may converge to good 
solutions during later training. Training of parameters in 
each stage is done in batch mode, i.e. parameters are up
dated after computing statistics from the entire training set 
for that stage. 

The state transition matrix A is initialised according 
to left-to-right constraints. To bootstrap the parameters, 
each observation feature vector sequence corresponding to 
a single HMM is subdivided into as many segments of 
equal length as there are states in the HMM. The means of 
the Gaussian function in each state are initialised to code
book centroids derived from the corresponding speech fea
ture segments. Each mixture component variance is set to 
the pooled covariance of the data used to initialise the state. 
The training is further described in the following sections. 

3.5 Viterbi State Alignment 

Viterbi state alignment is used to iteratively update the 
means and covariances of the Gaussian mixture models 
at each state on labelled data. We give details of the 
Viterbi dynamic programming algorithm next since it is 
used both in training and in the recognition process, and 
we wish to show in some detail the incorporation of du
ration modelling as well as the level building method for 
continuous string recognition. We present the Viterbi 
algorithm, mostly following the syntax from [7]. For 
an HMM, the Viterbi algorithm finds the best state se

quence q = ( q I q2 .. qr) for a given observation sequence 
0 = (0102 .. or), as well as the probability associated with 
this sequence. We define 

as the highest probability along a single path, at time t, 
which accounts for the first t observations and ends in state 
i. By induction, the Viterbi recursion is defined as 

81+1(.i) = max [81(i)a; 1·]h1·(o1+1), I< 1· < N. (6) 
0~1~N · · - -
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The probability in the final state at the final time frame, 
8r (N), indicates the score for the match between model 
and observation sequence. When the Viterbi algorithm is 
used to align speech with model states, such as .__is used in 
training, it is necessary to keep track of the path followed 
via 

'l't+ 1 (}) = arg max [81 ( i)a; i]. 
O~)~N · 

(7) 

This path can be backtracked from 'l'r (N) to deliver the 
highest scoring path. 

Note that in Equation 6 we have included the possi
bility of transitions from state O to the current state. In 
ord~r to initialise the Viterbi search we define 80 (0) = I, 
80(1) = O,i :/; 0 and 81(0) = O,t > 0. When we discuss 
the implementation of successive Viterbi searches in a later 
section, take note that 81 (0) will be starting points that arc 
likely not zero. 

The actual training of parameters takes place after 
statistics from an entire batch of training utterances are 
collected. The result of each application of the Viterbi al
gorithm is a state-aligned set of observation features. For 
each feature vector it is determined which mixture in the 
corresponding state is closest to it. The feature vector is 
then used to collect mean and variance statistics for that 
mixture. After statistics have been collected for the hatch 
of training samples, new mean and variance values are 
computed for the Gaussian mixture models. This process 
is repeated iteratively until either convergence occurs. or a 
predetermined number of iterations have been completed. 

3.6 Expectation Maximisation 

The Baum-Welch method (also known as the expectation 
maximisation or EM method) is used to perform final train
ing of the HMMs. It is first applied on the labelled training 
data. The EM method iteratively updates the means, co~ 
variances, mixture weights and state transition probabili
ties at each state. The forward-backward algorithm is used 
to obtain statistics from the training utterances. Full de
tail regarding use of the forward-backward al~orithm and 
subsequent parameter update using the EM m;thod can be 
found in [7]. 

In order to use EM training on unlabelled training data, 
each succession of HMM models matching a transcrip
tion of a training utterance is conceptually connected to
gether to form a long sequence of states. This connected 
strin? of states is used for training in the normal way using 
the forward-backward algorithm. Since no explicit word 
boundary information is present, the training allows the 
boundaries of the HMMs freedom and contextual informa
tion is trained into the models. 

Lastly, training of durational parameters are done 
through the Viterbi state alignment of connected HMMs to 
the utterances they represent. For each alignment, the sum 
of the first and second moments of the number of frames 
corresponding to each state in each HMM is collected. 
The empirical expectation values of the mean(£ { 'T}) and 
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variance(E2{ 't}) of each duration can be calculated and 
used to obtain the Gamma distribution parameters ( a and 
p) through 

" E { "[} " £'2 { "[} 
a= VAR{'t},p= VAR{'t}. (8) 

This concludes the training process. In the next section we 
discuss the implementation of the recogniser. 

3. 7 Pattern Matching 

We firstly discuss the incorporation of duratio~ modelling 
into the Viterbi algorithm. Duration modelling is im
plemented according to the synchronous frame by frame 
method suggested by Burshtein[ I]. The method modifies 
the Viterbi recursion (Equation 6) by incorporating a dura
tion penalty Cf,.i of making a transition from state i to state 
j at time t + I within the term that is maximised by the 
recursion. When written in log format for implementation 
efficiency, the maximisation term in the Viterbi recursion 
becomes 

o1ftN[log(Or(i)) + log(au) + log(cf,.;)]. (9) 

To compute the duration penalty, the method keeps 
track of the number of successive self-transitions in each 
state. The duration Di(t) of a state i at time t is equal to 
one plus the number of successive self-transitions in that 
state. Let M; denote the duration at which the Gamma 
distribution at state i reaches a maximum value, a11:d let 
l(u) = log(p(u)), where p(u) is the Gamma distribution. 
The duration penalty Cf..i is then given by 

C . = i~(D;(t + I)) - l(D;(t)) 
, ,., l (Di ( t) ) 

l(Mi) 

i = j, Di(t) < Mi 

i = j, Di(t) 2: Mi 

if. j, Di(t) < M; 

i :/:: j, Di(t) 2: Mi. 

The working of the method can be understood in the 
following way. The duration probability density function 
is used to modify the probability of a transition occurring, 
based on the duration spent in the state from which the 
transition occurs. When a transition to a different state is 
taken, the exact duration is known and cat?, be used to mod
ify the probability. In considering self-transitions, how
ever, the penalty can not be incorporated on a frame by 
frame basis since the eventual duration .in a state is yet 
unknown. Incorporating the duration probability at each 
frame as if it were the last time step in a state would pe
nalise initial self-transitions in a state - causing an in
correct bias towards transitions from the previous state. 
Therefore the method should not penalise self-transitions 
until the peak duration probability is reached in a state. Af
ter the point of peak duration probability, duration penalty 
is applied in accordance with duration probability density. 

With duration modelling now incorporated into the 
Viterbi search, we turn our attention to the implementa
tion of the level building algorithm. When recognition of a 
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sequence of spoken words is attempted, it is desired to find 
the best match across all possible sequences of digit and 
pause models. An exhaustive search of depth R, contain
ing V possibilities in each level leads to VR Viterbi align
ments or in our case at least 1010 Viterbi alignments (if 
pause models are ignored) for a string of IO digits or less 
- which is not computationally feasible. The level building 
algorithm[?] dramatically reduces the computational cost 
by performing only V searches at each of the R levels. thus 
effectively V x R Viterbi alignments. 

The level building algorithm works by computing at 
each successive level I the most likely final state probabil
ity (P/) at each frame t over all V models in the search path 

( 10) 

After a levet has been completed, the final state prob
abilities are used as initial state probabilities for Viterbi 
searches at the next level, i.e. we now set 81 (0) = Pj. This 
process continues until the desired number of levels have 
been searched. The most likely sequence ends at the level 
given by 

arg max(P} ). ( I 1) 
I '5)-,SR 

From the most likely final state at the final frame it is easy 
to backtrack the complete path followed through all lev
els provided that the backtracking information from each 
individual Viterbi alignment has been retained. Note that 
the most likely solution does not necessarily present itself 
at the last level. The level building technique can thus be 
used to find unknown length word strings up to the maxi
mum depth for which was searched. 

4 Results 

The data were separated into a training set comprising dis
cretely and continuously spoken digits from 12 speakers, 
and a test set comprising only continuously spoken digits 
from the remaining 21 speakers. All experiments arc for 
a speaker independent scenario since there is no overlap 
between speakers in the test and training sets. The train
ing set was used as described in Section 3 in training the 
models. Discretely spoken digits were used to initialise 
the models and the continuously spoken data was used for 
further training. 

The models that were trained include the ten Afrikaans 
digits from zero to nine, a three state HMM for the pause 
before and after entire utterances and a one state HMM to 
model the optional pauses between spoken digits. The one 
state HMM is the only model which does not strictly fol
low the left-to-right convention for transitions. It allows 
a skipping transition so that the model may either he fol
lowed or bypassed, whichever is more likely at any level of 
the search. The grammar requires the first and last model 
to be the three state pause model, with in between them 
a series of digits with optional one state pauses het ween 
each consecutive pair of digits. The problem we wish to 
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Figure 1 : Classification performance on connected digit 
experiments measuring digit accuracy without explicit du
ration modelling 

address is the recognition of unknown length digit strings 
and therefore the maximum search depth was chosen to ex
ceed the longest test string length. The longest test strings 
contain IO digits. A search constraint of 12 digits or less 
was found to be adequate and recognition output on the test 
set never exceeded 11 digits with properly trained models. 

The level building algorithm, as described in Sec
tion 3, was used for classification of the test strings. The 
output of this algorithm is a sequence of digits, and has to 
be matched against the transcription of each test string. A 
dynamic programming matching algorithm is used to per
form the matching since there is not necessarily a one-to
one matching and digit insertions and deletions may occur 
in the recognition process. The results are measured in 
terms of the percentage of correct digits and in terms of 
digit accuracy. The number of correct digits in a string is 
simply the highest number of digits that match both value 
and sequence in the reference string. Digit accuracy is 
computed to reflect the effect of digit insertion and deletion 
by the search algorithm and is defined by the total num
ber of digits, minus insertions, deletions and substitutions. 
Digit accuracy is thus a better indicator of recognition per
formance than using the percentage of correct digits alone. 

The results in Fig. l show the digit accuracy achieved 
as a function of N (with para~eter M) without using du
ration modelling on the unknown !ength connected digit 
strings. Peak digit accuracy of 99.0% is achieved with 12 
state, 4 mixture HMMs. The results show that accuracy 
initially increases as more states are used in the HMMs, 
and then declines as the number of states increase beyond 
12. This result is to be expected since, as the number of 
states increase, the HMM is able to express a more accu
rate model. When the number of states becomes large, 
two factors may cause performance to decrease: Firstly 
the minimum length of the HMM model may approach the 
length of some of the shorter digits - causing the deletion 
rate to increase rapidly, and secondly the large amount of 
parameters leads to a higher variance estimate. The trade
off between bias and variance can also be observed w.r.t. 
the number of Gaussian mixtures used. Performance ini
tially increases as more mixtures are used, especially when 
few states are also used. As the number of mixtures grows 
larger than 4, performance starts to decrease again. 
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Figure 2: Classification performance on connected digit 
experiments measuring digit accuracy, including duration 
modelling 

Fig. 2 shows the digit accuracy achieved when state 
duration modelling is used in the recogniser. Performance 
generally improves over the case without duration mod
elling and peak digit accuracy increases from 99.0% to 
99.2% (a 20% reduction in error rate), using 6 state, 4 
mixture HMMs. Performance increases are most apparent 
where each HMM contains few states. This is attributed 
to duration modelling effecting a large reduction in digit 
insertions. Over all experiments involving 6 state HMMs, 
the average accuracy increases from 97.2% to 98.4% (a 
43% reduction in error rate) by adding state duration mod
elling. At the same time the percentage digits correct only 
increases with 0.2%. Most of the improvement is due to 
a large decrease in the number of digit insertions. When 
using 12 state HMMs, duration modelling does not change 
the average accuracy of 98.9% achieved without duration 
modelling. When HMMs with more than 12 states are 
used, duration modelling ~ctually degrades performance. 

A peak string accuracy of 93.3% is achieved with 6 
state, 4 mixture HMMs. This is very close to a predicted 
93.0% string accuracy for strings of independent digits, 
given the mixture of string lengths (30% are 7 digit and 
70% are 10 digit strings) and the digit accuracy of 99.2%. 
Most erroneous strings have only a single digit error and it 
seems that digit errors are independent of each other. 

The results are very similar to those reported in liter
ature on spoken English digits. Rabiner et al[8] achieved 
a digit string error rate of 2.94% on strings of I to 7 digits 
for speaker independent tests. Under the assumption that 
digit errors are independent and that strings lengths are uni
formly distributed, this translates to a 0.75% digit error rate 
as compared to the 0.8% digit error rate that we achieved. 
A technique which was found to greatly improve their per
formance was the training of multiple HMMs for each digit 
by clustering the training data for each digit into from I to 
6 different groups. This technique is usually applied to 
words for which multiple likely pronunciations exist. often 
due to dialectic differences. Rabiner et al[8] report almost 
halving the error rate through application of this technique. 
Unfortunately this technique assumes that a large quantity 
of training data is available and could thus not he tried on 
our database. 

Rahim et al[9] report digit string recognition perfor-
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mance of 96. l % and 90.3% on two databases of telephone 
speech. The data includes non-vocabulary words and the 
system was able to reject 99.9% of non-vocabulary strings 
while rejecting 5% of correct strings. 

Zeljkovic et al[ 11] report reducing word error rates on 
connected digit telephone speech from 2.5% to 0.9% by 
expanding digit and silence models (filler models) from 
the context independent case to context dependent mod
els. Each word model is substituted by three models, a left 
context, centre context and right context model. Left and 
right context models are trained based on the preceding and 
following word respectively. 

5 Conclusion 

We have detailed the compilation of a database of spo
ken digits in Afrikaans, together with the development of 
a recognition system for continuous speech through appli
cation of hidden Markov modelling techniques. The per
formance achieved (99.2% digit accuracy and 93.3% string 
accuracy) is comparable to that of leading systems for spo
ken English digits, even though the SNR of our database is 
low and a limited amount of training data is available. 

Our experiments indicate an interesting trend w.r.t. the 
relationship between the number of states and the duration 
modelling capabilities of hidden Markov models. Duration 
modelling has been reported to substantially improve per
formance of HMMs for connected digit recognition, using 
8 states per HMM[l] (43% string error rate reduction) in 
one study and using between 5 and 10 states per HMM in 
another[8] (improvement not quantified). We also find that 
the improvement in performance due to duration modelling 
is substantial, but only when there are fewer than the opti
mal number of states per HMM and that this improvement 
decreases as the number of states increases. Wang[ 1 O] rea
soned that the simple structure of linear HMMs is poten
tially capable of modelling phone duration quite well, but 
could not demonstrate this i.t.o. recognition results. Our 
results indicate that HMMs a~e capable of modelling dura
tion well when enough states are pr~sent to deliver optimal 
performance. For practical systems a tradeoff may exist 
between the computational cost of adding duration mod
elling and that of having more states per HMM. 
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