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ABSTRACT - This paper presents an accurate and robust, speaker independent isolated word rec-
ognition system based on continuous hidden Markov modelling. By using the state of the art tech-
niques, we are able to achieve speech recognition performance of 97.9% testing on 20 males
speakers over public switched telephone network (PSTN). In order to enhance the robustness of the
system under noisy conditions, we explore a modified Gaussian pdf by using vector projection
approach and improve the recognition performance from 88.8% to 92.1% at 10dB SNR (Gaussian
white noise).

INTRODUCTION

In recent years, speech recognition techrology has advanced to such a point where real time implementa-
tion of speech recognition systems for public use over PSTN is now possible. This paper presents results of
research and development on a real-time speaker-independent isolated word speech recognition system
operating over PSTN. The database used in this task is introduced. A front-end based on MFCC and delta
MFCC is discussed. The model training and related problems are then developed. The recognition system
and different schools of thought on system optimization are presented. A modified mixture of Gaussian pdf
implemented in the recogpnition system and the experiment results are also reported.

DATABASE DESCRIPTION

The vocabulary under investigation consists of 19 words, i.e. twelve digits from zero through nine plus oh
and nought, along with 7 command words, i.e. cancel, help, next, start, stop, yes and no. 105 speakers par-
ticipated in speech data collection, each one pronounced the whole vocabulary just once. These speakers
are from different nationalities, about 65% of them are Australian origin, and the rest are of different lan-
guage backgrounds. A commercial telephone interface card on a PG is used to collect speech data using 8-
bit p-law encoding protocol. We used data from 85 speakers for training, and remaining 20 speakers for test-
ing. In order to test the robustness of the recognizer under noisy environment, we added zero mean white
Gaussian noise onto the 20-speaker testing database and create two additional databases with SNR levels
of 15dB, 10dB respectively.

ACOQUSTIC FEATURE EXTRACTION

A pertinent scheme of acoustic feature extraction is the first important stage in any speech processing sys-
tem. The important considerations of choosing an adequate front end for speech recognition within the HMM
framework can be summarized as follows:

¢ capturing the message-related spectraltemporai information, while reducing the irrelevant information,
such as environmental and personal characteristics resided in the original speech.

° making use of human auditory characteristics to enhance the relevant message-related information.
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* transforming the extracted acoustic feature vector to better satisfy the assumptions required by the
HMM approach.

In our speech recognition system, incoming speech data is p-taw coded and we convert it back to linear
representation with 14 bits. We then use first order pre-emphasis filter of 1-0.95z"! and apply a 256 point
hamming window to speech signal. Frame size is 256 points {32 ms), and frame shift is 80 points (10ms).
After hamming windowing, FFT operation is appiied to transform speech data into power specfrum. Most of
the computation required by the front end is in the FFT, therefore we split the 256 real points FFT to 128
complex points and reduce the FFT computation by half. A set of 19 mel scale distributed triangutar filters
are imposed to the FFT power spectrum. The output of 19 spectral values is further transformed by dis-
crete cosine transform to 12 mel frequency cepstral coefficients (MFCC), i.e
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where SJ- is the energy output from j‘h met fiiter imposed on power spectrum.The energy term is discarded.

in order to enhance the distortion measure used in the recognition system, a raised sine function is used to
weight the acoustic features, i.e.
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We use delta MFCC to capture the transitional spectrum pattern which is important, particularly for speaker
independent speech recognition. The deita MFCC is calculated in the following way.
2
Ac,(i) = G Y ke, (i) 1<i<12
k=2
The value of G is chosen to make the variances of MFCC and delta MFCC equai.

Augmented MFCC plus delta MFCC are used as acoustic feature vector, i.e. 0, = {c,(iy...Ac, (i) }
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Figure 1. The biock diagram of the front end used in the recognition system
HMM TRAINING
Initial HMM Training
The HMM topology is of five states left-to-right model without skip transitions, the type of pdf is of 3-mixtures

of Gaussian pdf with diagonal covariance matrix. The choice of the HMM specifications is actually a trade-off
between recognition performance, the amount of training data avaitable and the real-time processing
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requirement. In order to compensate the insufficient training database to some degree, a flooring technique
is imposed o:1 all covariance ratrices.

Figure 2. Five state left-to-right Markov chain

Since all training speech files have some silence at the beginning and end of each spoken word, we select
a small number of speech files in the training database and manually segment speech signal using xwaves
facilities. Then segmental-k means algorithm (Rabiner, 1989) is used to produce an initial set of word mod-
als for this small portion of data. Each sequence of acoustic feature vectors is linearly distributed onto 5
states. The optimality criterion of the segmental-k means approach is to maximize the conditional joint
probability of state sequence and acoustic events conditioned on aninitial medel, i.e.

A= argmazx, {maxgP (0, §| 1
Automatic Segmentation

Once we have produced an initial set of models, we perform an automatic segmentation approach onto the
whole training database based on this set of models. The mechanism of this automatic segmentation is to
force the recognition resuits to the desired one for each training speech input, which usually has silence at
beginning and end. By doing this the actual word boundaries can be located by back tracking procedure.
The following network depicted in the Figure 3 is used in the automatic word segmentation.
word
start silence 2, silence  end

Figure 3. A composed HMM topology embeds silence modet with word model

Since in general we do not know for sure whether there are silence portions in each speech file or not, we
should allow a transition from starting node to both the first state of silence/noise model and the first state of
the word model. Similarly, we allow the transition from the iast state of word to the ending node of the net-
work. Both starting node and ending node are dummy states, the dashed line transitions are null transitions.

Model Refinement

When the word boundaries have been decided through automatic segmentation, we use the Baum-Welch
algorithm to re-estimate each word model based on the segmented word tokens and initial set of models.
This method gives a best model estimation in the sense of maximum likelihood with respect to the initial
model and segmented word tokens, i.e. the model estimated maximizes a prior probability,

A = argmaxme(O[ Ao
Once the updated new set of modeis have been generated, we iterate the automatic segmentation and
Baum-Welch re-estimation procedure again. This procedure is shown in the Figure 4. Only 3 iterations are
needed to produce a good set of models during training. In fact, we find that over running the iterations will
make the word models over-tuned towards to the particular training database, and therefore reduce the gen-
eralization for unseen speech data in real speech recognition.
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Figure 4. The block diagram of iterative autematic word model training procedure
SPEECH RECOGNITION ALGORITHM AND EXPERIMENT RESULTS

Embedded Silence/noise Absorbing

The accuracy of end-point detection is important in the isolated word recognizer. The approaches based on
the information such as energy and duration are not robust when SNR becomes less than 30 dB. In our
speech recognition system, two steps of noise/silence detection have been implemented. The first step
gives a simple end-point detection for incoming speech (Hunt et a/, 1992). The second step is an implicit
end-point detection mechanism created by a composed HMM network in which the silence/noise model is
concatenated at the beginning and ending of each word model. The topology of this composed model is sim-
ilar with the structure shown in the Figure 3. When the silence/noise is at the beginning or end of an utter-
ance, it will be located at the initial or final states of the composed HMM. This composed HMM network
assimitates the silence/noise part of the incoming signal in an efficient way, and it is more robust and accu-
rate than ad hoc end-point detection aigorithms. Considering that the characteristics of silence/noise are typ-
ically stationary, we only use 2 states to represent its corresponding HMM model.

Recognition Algorithm

We apply a variant of synchronous beam searching Viterbi algorithm for isolated speech recognition. The
database used for testing consists of 20 speakers collected through PSTN in an office environment, where
each speaker speaks the 19-word vocabulary once. By using the optimal set of refined models, recognition
performance of 97.9% is achieved. Further analysis on the mis-recognized speech files reveals that some
speaker pronounce words with a strong foreign accent, for example, word nought is sometimes pronounced
like word no. How to enhance the recognition performance is stilt an open question from acoustic pattern
matching point of view. However, most of these errors should be avoided by incorporating a simple language
model into recognition system.

In order to accelerate the recognition process while still keeping the performance at the same level, two
techniques have been implemented in our system.

The first one is a beam searching technique, i.e. for each frame of speech, we select the maximum likeli-

hood among all active states of all models, denoted as 8,,y. if the likelihood associated with a particular
state of any HMM is 85151 Meets the condition: 854 < 8nay - thrashold, this state will be deactivated and will
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not be dealt with at the next frame. The threshold value can be either fixed or computed at each frame by
measuring the value of 8.

The second technique implernented in the recognizer is to select the pre-dominant pdf component from the

mixtures of Gaussian pdf at each time for each state and each model, i.e. for the pdf representation
M

b (0) = Y cub(0)
k=1
we approximate bi(Ot) by the principal vt = in the mixture, i.e. b;(0) = max,c;b;, (0

in fact, this approximation is reasonable from _~mi-continucus HMM point of view, which partitions the whole
acoustic space by a set of overlapped Gaussiarn “istributions (Huang 1992). The experimental result shows
that the recognition performance only degrades slightly compared with using the summation of mixtures.

Tied Covariance Matrices for HMM

We conducted a series of tests on the tied covariance matrices of HMM models. The first investigation used
a single covariance matrix for every state and every model. The second investigation used a single covari-
ance matrix for every state of a model, and a different covariance matrix for a different modei. The tied cova-
riance matrices are obtained from the corresponding pooled speech database. Table 1 shows the
recognition results of using standard HMM and difierent tied covariance matrices. This shows there is some
performance degradation by using tied covariance for this training database. However, the storage and com-
putation requirement can be reduced significantly by using tied covariance.

standard modeis single Covar for ali models single Covar for each model

979 964 96.5

TABLE 1.  Recognition performance with and without tied covariance matrices.
A Robust Likelihood Measure

It is well known that speech recognition performance degrades rapidly when the environment become very
noisy. Typically, recognition rate could drop from 98% when testing condition is matched with training con-
dition down to 30% percent when these two conditions are not matched. This problem can be tackled from
different aspects. We adopted a projected distance measure in the pdf calculation (Carlson and Clements,
1992), instead of using standard pdf, i.e. we replace the following calculation
M
b,(0) = ! [ T3l
1 (0) = 3 cp———p—exp [-0.5% (0,~ ) T} (0, - 1))
et

by a projected version
M

1
bj(Ol) = chk—gﬁexpko.ﬁx (O,fk/ku/k) Tzl—kl (01’)‘1'1(”,,‘)]
2

k=1 om 2g?

Where O, is the acoustic vector and D is its dimension, y and Xy, are mean vector and diagonal covariance
matrix of k™ components at state | respectively, T denotes transpose operation.The value of Ay is deter-
mined based on the orthogonal principle in the MFCC space shaped by X, i.e.
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To justify the use of this new fikelihood measure, we conducted a set of tests on the 20 male speaker data-
base discussed above. The roisy speech is simulated by adding zero mean white Gaussian noise to the
original test database. Two noisy conditions have been tested, i.e. 15 and 10dB globat SNR, together with
the original test speech. The experimental results obtained from these four different conditions are shown in
the Table 2. Only the originai test database is matched with the training data condition.

SNR (dB) original 15 19
Standard 97.9 93.5 88.8
Projection 979 94.7 92.1

TABLE 2. Open test using standard pdf and projected pdf for different levels of SNR
CONCLUSION

We have discussed different aspects in the design of an accurate, robust and fast speaker independent iso-
lated word recognition system in this paper. We have optimized the performance of the speech recoghition
system and implemented a modified Gaussian pdf calculation by using vector projection. By using the tech-
niques presented in this paper, we achieved 97.9% performance on test database of 20 male speakers, and
94.7%, 92.1% on the white Gaussian noise contaminated test data for SNR of 15dB, 10dB respectively. The
results from a series of experiments show that a good performance of recognition system over telephone
network is achievable, although many challenging problems remain 1o be overcome.
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