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The most successful training scheme for recognition of connected spoken
digits is the segmental k-means algorithm, which implicitly captures the coarticulatory
information of connected speech iteratively to establish reliable reference patterns.
However, when this algorithm is applied to Mandarin digits, the obtained perfor-
mance is inferior to that of English.  Hence, a novel approach is proposed to build
reliable reference patterns of connected Mandarin digits.  Our method is to partition
each training digit into three sections and they represent the coarticulation interact-
ing with the preceding digit, the characteristic of the digit itself and the coarticulation
interacting with the succeeding digit respectively.  In this manner, the coarticulatory
information is caught explicitly.  Then we model these three sections separately using
three Bayesian templates and a resultant multi-section Bayesian template is con-
structed for each reference Mandarin digit.  The experimental result shows that the
new method outperforms the segmental k-means by 3.2% when using a multi-speaker
speech database.

Keywords: connected Mandarin digit recognition, segmental k-means algorithm,
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1. INTRODUCTION

Connected spoken digit recognition has a wide variety of applications, such as spo-
ken telephone dialing, utterance of an extension number by an operator to connect two
telephone lines, etc.  Because of the inherent context-free property of connected digits, an
effective language model which can be used to correct a mis-recognized digit string can not
be excessively relied on.  Hence, creating a reliable digit template is the key to successful
connected digit recognition.  Development of the segmental k-means training algorithm [1],
which implicitly captures coarticulatory information in an iterative manner, has achieved this
goal; therefore, connected English digit recognition has reached a high level of performance.
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However, when this algorithm is applied to Mandarin digits, the performance obtained is
inferior to that for English [2, 3].  This result can be attributed to the different language
characteristics of English and Mandarin.  We found that the average duration of a Mandarin
digit is shorter than its English counterpart because Mandarin is a monosyllabic language.
According, coarticulatory information, which should be captured by the segmental k-means
iterations, is smoothed or obscured in the resulting reference pattern.  To overcome this
problem, we propose a novel approach which explicitly captures the coarticulatory informa-
tion of connected Mandarin digits.

In our approach, each training digit is first partitioned into three sections, which
represent the coarticulation interacting with the preceding digit, the characteristic of the
digit itself and the coarticulation interacting with the succeeding digit, respectively.  Then,
these three sections (the so-called beginning, middle and end) are modeled separately using
three Bayesian templates.  This template is derived from Bayes’ rule and trained by means of
maximum-likelihood estimation.  Consequently, a resultant multi-section Bayesian template
is constructed for each reference Mandarin digit.  By explicitly employing the coarticulatory
segments, i.e., the beginning and end sections, the coarticulatory information can be pro-
truded in the reference patterns.

In the recognition phase, the level-building algorithm [4] is employed.  However, a
more desirable lower and upper bound of string length for a connected Mandarin digit string
is found to reduce the large number of candidate strings obtained from this algorithm [5].  In
addition, a number of factors which affect recognition performance are considered to make
the system more robust.  Experimental results show that a string accuracy of 95.4% is achieved
in multi-speaker (25 males, 25 females) mode.  This paper is organized as follows. The algo-
rithm developed to extract the coarticulatory segments is described in section 2.  The formu-
lation of multi-section Bayesian templates and the design of the corresponding training file
are described in section 3.  Several schemes to facilitate recognition are introduced in section
4.  Section 5 gives the experimental results and discussion.  Finally, conclusions are made in
section 6.

2. EXPLICIT CAPTURE OF COARTICULATORY INFORMATION

The phonetic structure of a Mandarin syllable can be expressed as CV[N], where the
syllable initial is a constant (C) (possibly a null), followed by a vowel (V) and an optional
nasal ending [N].  Therefore, the possible cases of adjacent Mandarin digits are: (1) V|NC|V
(both N, C on), (2) V|N|V (N on, C off), (3) V|C|V (N off, C on), and (4) V||V (both N, C off).  Since
we found that the vowel parts are less affected by the coarticulation effects [6], the contents
between the two bars “| |” are regarded as the coarticulations.  Furthermore, based on the
inherent quasi-periodic property of the vowel parts , an automatic coarticulation segmenta-
tion algorithm can be developed as follows.  First, the constituent digit boundaries of a
training digit string are labeled using a fixed-length level-building algorithm [4].  Then, from
each digit boundary, we search backward and forward until the pitch periods of the preced-
ing and succeeding digits (i.e. vowel parts) are encountered.  The pitch detection algorithm
used is from our previous work [7].  If the number of speech samples located in this region is
larger than a prescribed value, then these samples are regarded as coarticulatory information
resulting from cases (1) or (2) or (3).  Regarding case (4), - V||V, because the preceding and
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succeeding digits both exhibit periodicity, the number of speech samples located in the
segmented region is rather low.  Therefore, we merely take a fixed number of speech samples,
in front of and behind the digit boundary, as coarticulation.  We will explain the above
procedure based on the example shown in Fig. 1 in the following.

The digit string shown in Fig. 1 is “8500”.  It is pronounced /ba|u|ling|ling/, where /u/ is
a vowel and /l/ is a periodic consonant.  Using to our segmentation algorithm, the points A,
B, and C are labeled first.  Then, from point A, we search forward and backward; since this is
the V||V case (both with periodicity), the number of speech samples located in the segmented
region is rather low.  Hence, a fixed number of speech samples, in front of and behind point
A, are taken as coarticulation.  This is the segment (a~a').  From point B, we continue to
search forward and backward; since this is the V|C|V case, the forward search finds point b',
and the backward search finds point b.  This is the segment (b~b').  From point C, we also
search forward and backward; since this is also the V|C|V case, the forward search finds point
c', and the backward search finds point c.  This is the segment (c~c').

Fig. 1. Example of coarticulation segmentation.  The pounts A, B and C are the word boundaries labeled
by the level-building algorithm.  The regions (a~a'), (b~b'), and (c~c') are the segmented
coarticulations.

3. STATISTICAL MODELING OF REFERENCE PATTERNS

After the coarticulatory information at the beginning and end of a connected digit is
extracted, a multi-section Bayesian template is constructed for each digit.  A multi-section
Bayesian template consists of three sections; the beginning, middle and end.  These three
sections represent the coarticulation interacting with the preceding digit, the characteristic
of the digit itself and the coarticulation interacting with the succeeding digit, respectively.
Each section is normalized into a fixed number of frames and organized into a Bayesian
template, which is conceptually shown in Fig. 2.  In this template, the feature vector of each
frame is assumed to be a random sample generated from a mixed Gaussian density function.
Each frame is regarded as a separate state and associated with the a priori probability.  With
respect to an input frame, each output of a Bayesian template represents the a posteriori
probability.  Defined more formally, given the ith input feature vector Xi, the jth output a
posteriori probability of the Bayesian template Oj(Xi) is expressed as
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Here wm is the mixture weight of the mth component of a mixture Gaussian density; u and U
are the mean and covariance of a Gaussian component N; M is the number of mixtures, and
P is the a priori  probability.  The training approach for the Bayesian template is demon-
strated below.

Training Approach for Bayesian Template

Step 0: Use the K-means algorithm to group all the feature vectors X1, X2, ..., XQ of a
section into N clusters.  Set the iteration counter J = 0 and estimate an initial
Gaussian density N Xn

J ( ),  n = 1, 2, ..., N, in each cluster.  Set the initial distortion
DJ = •.

Step 1: Label each feature vector to identify it with the cluster it belongs to according
to:
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Step 2: Set J = J + 1 and reestimate the new feature distribution N Xn
J ( ) using those

feature vectors whose label is n.
Step 3: Calculate the distortion as
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0 005ε .  and then stop. Otherwise, go to Step 1.

After convergence, the mixture weights of each frame can be obtained.  In each frame,
a mixture weight is the number of training vectors which disperse into a cluster (a Gaussian
component) divided by the total number of training vectors of that frame.  Also, since the
number of frames is fixed in a section, the a priori  probability is the same for each frame;
therefore, the a priori probability P in equation (1) can be omitted.  The resulting multi-
section Bayesian template is shown in Fig. 3.

Fig. 2. Illustration of the Bayesian template in network form.
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In order to coincide with the construction of multi-section Bayesian templates and to
simplify the training procedure, a training file which includes all coarticulations between
Mandarin digits is devised.  After considering the phonemic combinations of Mandarin
digits, 20 digit strings of length 4 (i.e., 60 coarticulations) are designed for the training file.
These digit strings are listed in Table 1 along with the Romanization of the Mandarin digits.
It is worth mentioning that all the phonemic combinations are included in this file but not all
the digit combinations.  Hence, some segmented coarticulations have to be shared when the
multi-section Bayesian templates are trained.  In addition, the phonemic combinations of
/#b/ (where # represents any possible phoneme that can concatenate with /b/) are not
included in this file because /b/ is a voiceless unaspirated stop which will not concatenate
with the preceding phoneme.

Fig. 3. The multi-section Bayesian template constructed for each Mandarin digit.

Table 1. 20 digit strings of length 4 and the Romanization of Mandarin digits.

20 Digit Strings of Length 4 in the Training File

8969, 8719, 8500, 8301, 8202, 8103, 8051, 6721, 6522, 6231,

6325, 6159, 5749, 5547, 4345, 4077, 4142, 3739, 3529, 2709.

The Romanization of Mandarin Digits

1/i/, 2/er/, 3/san/, 4/s/, 5/u/, 6/liou/, 7/chi/, 8/ba/, 9/jiou/, 0/ling/

4. RECOGNITION APPROACHES

A block diagram of the recognition procedure of the proposed system is shown in Fig.
4. The important features are described in the following.
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4.1 Determination of the Lower and Upper Bound of the Input Digit String Length

In the recognition phase, the variable-length level-building algorithm [4] is employed.
However, in order to reduce the large number of candidate strings obtained from this algorithm,
a more desirable lower and upper bound of string length for a connected Mandarin digit
string is searched for.  Two steps are needed to determine the lower bound.  In the first step,
a stable-region detection algorithm is devised to detect the stable region of input speech.  A
stable region represents the place where the speech waveform is quasi-periodic and is com-
posed of one or more vowels.  The details of this algorithm can be found in [3].  After execting
this algorithm, the lower bound of the digit string length Lmin is temporarily set to the
number of stable regions found as shown in Fig. 5.  In the second step, if there is more than
one vowel in a stable region, different vowels can be further distinguished by the d cepstrum
[8] shown below.

Fig. 4. Block diagram of the recognition process of the connected Mandarin digit recognizer.

Fig. 5. Illustration of stable regions found by the stable-region detection algorithm. The number of
stable regions found represents the minimum number of words in a continuous Mandarin
string.
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Here d C(i) is the spectral transition measure at time i.  Cn(k) is the nth cepstral coefficient at
time k, Wk is a window with length 2n0 + 1, and p is the order of cepstral analysis.  If d C(i) in a
stable region is larger than a prescribed threshold, then Lmin is increased by one.  Once all the
stable regions have been checked, the lower bound of the input digit string length is obtained.
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Additionally, on running the stable-region detection algorithm, maximal waveform
peaks appear at pitch positions.  The number of peaks (called the peak count) is also recorded.
Since the peaks correspond to vibrations of the vocal cord, the peak count will not change
abruptly when two stable regions contain the same number of vowels.  Hence, the peak
counts for the stable regions with different numbers of vowels are statistically estimated.
Once the distributions for different numbers of vowels are obtained, the upper bound of the
string length Lmax is determined by

i ik
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, ,
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Here N is the normal distribution, i represents the number of vowels, k is the kth stable region
in the input speech, Pk is the peak count in the kth stable region and T is a threshold.

4.2 Digit Duration Checking

After candidate strings with unreasonable lengths are removed using Lmin and Lmax,
the remaining candidate strings are checked based on their durations to choose the most
likely result.  For Mandarin digits, we have found that, if the number of digits in a continuous
digit string is fixed, the average digit length will not vary too much.  Hence, a suitable digit

duration is set from 
Total Frames

Number of Digits
× 0 8.  to  

Total Frames

Number of Digits
×1 2. .  (Here, the total number

of frames includes  the original frames, not the normalized frames.)  The remaining candidate
strings are first ordered according to their accumulated distances obtained from the level-
building algorithm.  If the digit duration of a candidate string with a minimum accumulated
distance fails the above criterion, then the next candidate string is checked.  In this manner,
the chosen string has the minimum accumulated distance among the candidate strings whose
durations are reasonable.

4.3 Post-Processing of Confusing Pairs

Confusing pairs (1/i/, 7/chi/) and (6/liou/, 9/jiou/) in Mandarin digits cause a number of
substitution errors; hence, these pairs are post-processed.  In the stable-region detection
algorithm, the consonant parts of continuous Mandarin speech can also be labeled [3].  By
emphasizing the consonant parts of these pairs, substitution errors can be effectively reduced.
To meet this requirement, a weighting function shown in Fig. 6 is used based on our earlier
study [9].  The confusing pairs are re-recognized using the DTW method.  The optimum path
is first evaluated, and each local distance along this path is multiplied by the weighting
function.  After weighting is conducted, each element in a confusing pair will have a new
accumulated distance.  The smaller one is chosen as the final result.
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4.4 Computational Considerations

When the level-building algorithm is executed, the most time-consuming operations
are the calculations of local distances.  The calculated local distance is the negative log of

the output from the Bayesian template and has the form: − ∑



=

log ( )w O Xm m
m

M

1
, where M is the

number of mixture components, wm is the weight and Om(X) is the Gaussian density function
for the mth mixture component.  Obviously, this equation requires considerable computation,
especially the log operation outside the parentheses and the exponential operation inside Om

(X).  However, if the mixture Gaussian density of the above equation, w O Xm m
m

M

( )
=

∑
1

, is re-

placed by the partitioned Gaussian regressive mixtures [10], 
1≤ ≤m M

m mw O Xmax ( ) , the computa-

tional load can be alleviated because the operations of log and max can now be interchanged.
As a result, the log operation and the terms, including wm and some parameters of Om(X), can
be combined into a constant because these terms are known after training.  In addition, the
exponential operation inside Om(X) can also be eliminated by the log operation.

5. EXPERIMENTAL RESULTS

The speech data was provided by 50 inexperienced speakers (25 males and 25 females).
Each speaker spoke the isolated digits and digit strings in the training file three times for
training purposes.  In addition, another 100 digit strings with lengths varying from 2 to 7 were
spoken twice for testing purposes [11].  Speech data was digitized at a sampling rate of 8 kHz
and pre-emphasized.  Speech samples were blocked into a series of frames, and each frame
was multiplied by a Hamming window.  The LPC derived cepstral vector was computed up to
the 12-th component.  Bandpass filtering [12] was then applied to the cepstral coefficients.
Each frame was computed with a 24 dimensional feature vector of 12 cepstral coefficients and
12 delta cepstral coefficients.

5.1 Effect of the Number of Frames in the Beginning, Middle, and End Sections

Since each section of the multi-section Bayesian template is normalized into a fixed
frame, different numbers of frames were tried to choose the optimal values.  The results are
given in Table 2.  The best performance was found at the 4, 8 and 4 frames of the beginning,

Fig. 6. Angle weighting function used to emphasize the consonant part of a Mandarin digit.  N is the
consonant position labeled by the stable-region detection algorithm.
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Table 2. Recognition performances among different numbers of frames of the beginning,
middle and end sections.

Number of Frames of Middle Section 4 6 8 10
Number of Frames of

Beginning and End Section

2 86.1% 87.4% 88.2% 88.3%

4 90.4% 90.2% 92.7% 91.6%

5.2 Effect of Using Bayesian Templates

When Bayesian templates were used to represent reference patterns, multi-templates
per digit and the number of mixtures were used to represent the frame density.  The number
of templates per digit was set at 3, 6, 9, and 12. The number of mixtures used to represent the
frame density was set at 5, 7, and 9.  The results are shown in Table 3 and presented graphi-
cally in Fig. 7.  The best performance occurred at 9 templates/digit with 7 mixtures/frame.  The
poorer performance obtained in the other cases was due to either a lack of sufficient data for
training the Bayesian templates or to the fact that the acoustic resolution of the Bayesian
template was not fine enough.

middle and end sections, respectively.  This result indicates that coarticulation indeed plays
an important role in creating a robust connected digit template.  In addition, the optimal
proportion of these three sections was 1:2:1.

Fig. 7. Recognition rates among different cases of templates/digit and mixtures/frame of the Bayesian
template.

Table 3. Recognition rates among different cases of templates/digit and mixtures/frame
of the Bayesian template.

Templates/Digit
3 6 9 12

Mixtures/Frame

5 85.3% 88.2% 91.4% 92.5%

7 86.1% 89.6% 92.7% 92.1%

9 85.1% 91.3% 92.2% 91.8%
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5.3 Effect of Finding the Lower and Upper Bound

If the lower and upper bound of the input string length are not set, the level-building
algorithm will stretch to the prescribed maximum length (i.e., 7 in our database).  In addition,
the level-building algorithm provides multiple candidates at each level.  Hence, RL candi-
dates strings of length L are provided for an unknown input string, where R is the number of
candidates per level (typically R=2) [5].  In this manner, the number of candidate strings for
an unknown input string is 21 + 22 + ...+ 27 = 254.  In our experiment, after the lower and upper
bound were found, the average number of candidate strings was reduced to about 76, which
is a 70% reduction.

5.4 Effect of Digit Duration Checking

The performance with and without digit duration checking is shown in Table 4.  It can
be seen that digit duration checking assisted in removing insertion and deletion errors.
Insertion and deletion errors were reduced by 0.6% and 0.8%, respectively.  This improve-
ment is not trivial since the testing database used was a multi-speaker one.

Table 4. Performance comparison between word duration checking and no word duration
checking.

Word Duration Checking Insertion Errors Deletion Errors

No 1.6% 2.6%

Yes 1.0% 1.8%

5.5 Effect of Post-Processing

The performance before and after post-processing is shown in Table 5.  The results
show that the substitution errors were decreased by 1.3%.  This improvement was not as
large as we expected.  One possible reason may have been that the consonant parts of
connected Mandarin speech are too short; consequently, consonant parts are still obscured
by the vowel parts in distance accumulation even when they have been emphasized.  After
post-processing, we were able to achieve a string accuracy of 95.4%.

Table 5. Performance comparison between before post-processing and after post-
processing.

Post-Processing for Confusing Pairs Substitution Errors

No 3.1%

Yes 1.8%

6. CONCLUSIONS

A robust connected Mandarin digit recognition system based on multi-section Baye-
sian templates and the level-building algorithm has been presented in this paper.
Coarticulatory segments are used explicitly to establish the multi-section Bayesian template
such that both coarticulation effects and the characteristics of the digit itself can be properly
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exhibited.  In particular, each section is organized into a Bayesian template which is charac-
terized by a powerful statistical framework.  In the recognition phase, several tasks, such as
finding a more desirable lower and upper bound of the input digit string length, digit duration
checking and post-processing, are carefully executed to make the proposed system robust.
The proposed system has been tested using a multi-speaker database (25 males, 25 females),
and a string accuracy of 95.4% was achieved.
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