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Abstract. This paper reports results obtained in Automatic Speech Recognition
(ASR) using linguistic structural like phonemes, syllables, triphones and words on a
digit corpus in Spanish Language. During five decades approximately, the Speech
Recognition has been studied by researchers in all the world, simple recognizers
have been built, yielding credible performance. But it was soon found that the tech-
niques used in these systems were not easily extensible to more sophisticated sys-
tems. For a long time the phoneme has been used because a little amount of them
exists. The words also have been utilized but the great quantity of them is a problem
when an ASR system is created. The syllable and triphones are the new approaches
where this field is focused. In this paper we show the results obtained when we use
the continuous and discontinuous speech recognition on a digit corpus, employing
the HTK (Hidden Markov Model Toolkit) for that. HTK is a toolkit for building
Hidden Markov Models (HMMs). However, HTK was designed for building
HMM-based speech recognition tools, in particular recognizers. Thus, much of the
infrastructure support in HTK is dedicated to this task. The HTK counts with two
major processing stages involved: training tools and recognizer. Firstly, the HTK
training tools are used to estimate the parameters of a set of HMMs using training
utterances and their associated transcriptions. Secondly, unknown utterances are
transcribed using the HTK recognition tools. The results obtained show the capabil-
ity and difference that exists between the structural linguistic employed for the cor-
pus purposed. We found that the triphones achieve an error rate low in comparison
with another structural linguistics proposed in this experiment.

1 Introduction

Automatic Speech Recognition is a recent technology employed m the computer
science that allows a computer to identify the words that a person speaks mto a mi-
crophone or telephone. Despite several decades of research in the area, accuracy
greater than 90% is only attained when the task is constrained n some way. For
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large-vocabulary speech recognition of different speakers over different channels,
accuracy is no greater than 87%, and processing can take hundreds of times real-time.

In English language the use of the triphones has started to try to increment the ac-
curacy and capabilities of the systems mentioned before like Rabiner mentioned in
[Rabiner 86). In the Spanish language, the triphones like a new approach are also
interesting. The dominant technology in ASR since 80s is called the HMMs. In recent
years, the syllabic structure has been realized incorporating a Knowledge-based sys-
tem to the training stage. In the training phase an expert system uses ten rules for
syllable splitting in Spanish. It receives the energy components STTEF (Short-Term
Total Energy Function) and the ERO (Energy Function of the High Frequency) pa-
rameters extracted from the speech signal [Oropeza 2005].

In the ASR phoneme-based or another linguistics structure (syllable or triphone),
each word in a vocabulary list is specified in terms of its component linguistic. A
search procedure is used to determine the sequence of structural linguistic with the
highest likelihood. This search is constrained to only look for structural linguistic
sequences that correspond to words in the vocabulary list, and the structural linguistic
sequence with the highest total likelihood is identified with the word that was spoken.

Thus, the triphone must be studied to know the capability that can offer to the ASR
task in the Spanish language and its grammatical structure.

2 Characteristics and Generalities

Speech recognition systems generally assume that the speech signal is a realization
of some message encoded as a sequence of one or more symbols. The ASR is consti-
tutive by: training and recognition stages.

The frequency bandwidth of a speech signal is about 16 KHz. However, most of
speech energy is under 7 or 7.5 KHz (woman or man voice can change the range
mentioned before) dependently. Speech bandwidth is generally reduced in recording.
A speech signal is called ortophonic if all the spectral components over 16 KHz are
discarded. A telephonic lower quality signal is obtained whenever a signal does not
have energy out of the band 300-3400 Hz. Therefore, digital speech processing is
usually performed by a frequency sampling ranging between 8000 samples/sec and
3200 samples/sec. These values correspond to a bandwidth of 4 KHz and 16 KHz
respectively.

Voice is a static procedure that can to have a duration time between 80-200 ms. a
simple but effective mathematical model of the physiological voice production proc-
ess is the excitation and vocal tract model.

The excitation signal is assumed periodic with a period equal to the pitch for vow-
els and other voiced sounds, while for unvoiced consonants, the excitation is assumed
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white noise, i.e. a random signal without dominant frequencies. The excitation signal
is subject to spectral modifications while it passes through the vocal tract that has an
acoustic effect equivalent to linear time invariant filtering. The model is relevant
because, for each type of excitation, a phoneme (or another structural linguistic) is
identified mainly by considering the shape of the vocal tract. Therefore, the vocal
tract configuration can be estimated by identifying the filtering performed by the tract

vocal on the excitation. Introducing the power spectrum of the signal P (w), of the

excitation P, (@) and the spectrum of the vocal tract filter P, (@) , we have:
P.(0)= P (0)F, (o) 1]

The speech signal (continuous, discontinuous or isolated) is first converted to a se-
quence of equally spaced discrete parameter vectors. This sequence of parameter
vectors is assumed to form an exact representation of the speech waveform on the
basis that for the duration covered by a single vector (typically 10-25 ms) the speech
waveform can be regarded as being stationary. Although it is not strictly true, it is a
reasonable approximation. Typical parametric representations in common use are
smoothed spectra or linear predictive coefficients plus various other representations
derived from these. The training stage is involved in the extraction of the parameters
mentioned. In our experiments we used the following block diagram for the isolated
speech recognition (fig. 1).
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Fig. 1 Block diagram of training step for ASR for isolated words

The database employed consists of the ten digits (0-9) for the Spanish language.
Many of the operations performed by HTK which involve speech data assumes that
the speech is divided into segments and each segment has a name or label. The set of
labels associated with the speech data will be the same as corresponding speech file
but a different extension.

Often the final stage of data preparation is to parameterize the raw speech wave-
forms into sequences of features vectors. In this experiment, Mel Frequer.lcy Cepstral
Coefficients (MFCCs), which are derived from FFT-based log spectral, will be used.

As figure 2 shows. In HTK is possible to create a set of files to define HMMs
structures of each unit employed for the speech recognition. Often, the first step in
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HMM training is to define a prototype model. The parameters of this model are not
important; its purpose is to define the model topology.

When we employed different linguistic structural to word (phoneme, syllable o
triphon), the block diagram changed and it is shown in figure 2.
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Fig. 2 Training step for ASR using structural linguistic

The new blocks added, in comparison with the block diagram showed in figure 1,
represent the integration of the linguistic units mentioned above. Figure 2 shows
blocks focused to the phonemes, if the linguistic unit is not that, only it will be
changed for the linguistic unit selected.

Given a set of monophone HMMs, the final stage of model building is to create
context-dependent triphone HMMs. This is done in two steps. Firstly, the monophone
transcriptions are converted to triphone transcriptions and a set of triphone models are
created by copying the monophones and distributions can be robustly estimated. Sec-
ondly, similar acoustic states of these triphones are tied to ensure that all state distri-
butions can be robustly estimated.

The style of triphone transcription is referred to as word internal. Note that some
biphones were generated as contexts at word boundaries were sometimes only include
two phones. You can see the alignment data stage and the linking states showed in the
figure 2.

In the recognition stage, the block diagram was the following (figure 3).
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Fig. 3 Block diagram speech recognition used in HTK

As we know, the first stage or any recognizer development project is data prepara-
tion. Speech data is needed both for training and for testing. In this case all speech
signals will be recorded from scratch and to do scripts are needed to prompt each
sentence. In the case of the test data, these prompt scripts will also provided the refer-
ence transcriptions against which the recognizer’s performance can be measured and
a convenient way to create them is to use the task grammar as a random generator. In
the case of the training data, the prompt scripts will be used in conjunction with a
pronunciation dictionary to provide the initial phone level transcriptions needed to
start the HMM training process.

3 Image Acquisition, processing and Segmentation

The database described in this paper counts with a set of forty three utterances for
each word (0-9), in total 200 utterances. We used 100 for the training task and the
rest for data test.

The training and test data will be recorded using a sound recorder provided with
Microsoft Windows. HTK counts with HSLab, this is a program with graphical inter-
face that permits a combined waveform recording and labeling a speech signal. The
speech signal has the following characteristics:

8 bits per sample

11025 frequency sample

PCM format

High quality without noise integrated, samples providing from laboratory

HMMs implemented have the following structure:

6 states for isolated speech recognition

5 states for continuous speech recognition
Left-right structure

One Gaussian mixture per state
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3.1 Trainning

Some HTK tools require a single HMM to be defined. For example, the isolated-
unit re-estimation tool HRest (it uses the Baum-Welch algorithm for the re-
estimation). A model previously defined in a file called hmmdef needed to be de-
fined. Then the parameters of the input signal are re-estimated using the speech data
files sl, s2, etc.

HMM definition files consist of a sequence of symbols representing the elements
of a simple language (HTK uses HInit tool to initializ¢ HMM [Baum 96]). HRest for
isolated words and HERest for connected structures are the final tools in the set de-
signed to manipulate isolated unit HMMs. Its operation is very similar to Hlnit (tool
employed to predefine HMM). It expects the input HMM definition to have been
initialized and it uses Baum-Welch re-estimation in place of Viterbi training. This
involves finding the probability of being in each state at time frame using the For-
ward-Backward algorithm. This probability is then used to form weighted averages
for the HMM parameters.

3.1.1 Dictionary and grammatical structures employed

Before to create a HMM, we must to create a set of word models and define a ba-
sic architecture for the recognizer. HTK provides a grammar definition language for
specifying simple task grammars. It consists of a set variable definitions followed by
a regular expression describing the words to recognize.

The first step in building a dictionary is to create a sorted list of the required
words. For this experiment it is quite easy to create a list of required words by hand.
For this experiment, the recognizer must handle digit strings only. Examples of typi-
cal inputs might be:

o Isolated words: one, zero, three, etc. (one per one not consecutively)
o Connected words: one one two four six seven; two four five zero nine eight,
etc.

For the isolated words, a suitable grammar might be:

$digit = ZERO | ONE | TWO | THREE | FOUR | FIVE | SIX | SEVEN | EIGHT |
NINE

(SENT-STAR ( sil <8digit> sil) SENT-END)

The grammatical network for the experiment is showed in the figure 4.



Speech Recognition using Based-Phone, Syllables, Triphones and Words on a Digit Corpus... 219

Fig. 4 Grammatical digit corpus structure for isolated speech recognition

When we employed connected digits, the grammatical network looking for such as
is illustrated in the figure 5.

Six repetitions in total

Fig. 5 Grammatical digit corpus structure for connected speech recognition

3.1.2 Trainning Hidden Markov Models

The training and test data can be recorded using the HTK tool HSLab. The training
sentences employed in this experiment was obtained from a database of our labora-
tory, HSLab was used to labeling this training utterances. When HSLab is invoked, a
window with a waveform display area in the upper half and a row of buttons appears.
When the name of a normal file is given as argument, HSLab displays its contents. To
train a set of HMMs, every file of training data must have an associated phone level
transcription. In the following figure 6 we can see the labeling realized on a speech
signal in the connected words experiment.
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Fig. 6 Labeling realized with HSLab

3.1.3 Feature extraction of the speech signal

The final stage of data preparation is to parameterize the raw speech waveforms
into sequences of feature vectors. HTK supports both FFT-based and LPC-based
analysis. Here Mel Frequency Cepstral Coefficients (MFCCs), which are derived
from FFT-based log spectra, were used. Also, we use the tool HCOPY to automati-
cally convert its input into MFCC vectors.

We use W, as the energy component, the frame period is 10msec (HTK uses units
of 100ns). The FFT used a Hamming Window and the signal had first order preem-
phasis applied using a coefficient of 0.97. The filter bank was constituted by 26 chan-
nels and 12 MFCC coefficients. Then, the system utilized 39 parameters calculated
from the length of the parameterized static vector MFCC plus the delta coefficients
plus the acceleration coefficients, to represent the speech signal in both: training and
test data steps.

3.1.4 Definition of the Hidden Markov Models

The figure 7 shows definition of Hidden Markov Models employed during isolated
word recognition. At left the HMM initialized and right the HMM re-estimated.
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<0 <VecSize> 29 <WFCC_0_D_A>
~h “no”
<BegnHIW>
<NumStates> 6
<State> 2
<Mean> 39
0.0000.000000.00.00.00.00000000,0
0.6000.0000.00.00.00.00.00.0 0.00.00.0
0.0000.0000.00.00.00.0000.0000.000
<Vanance> 39
1.01.0101.01010101010101.0 1010
10101010101.0101.0 1010101010
1010l010IO1.010!.0].0!.01.0!.01.0
<State> 3
<ltean> 23
0000¢.j000cC00
<Varance> 39
1010(..3101010
<State> 4
<Mean> 33
0co0ce(.j000000
<Vanance> 3%
1010(..)1.0101010
<State> S
<Mean> 39
0000(..)000000
<Varance» 39
1010(..310101010
<TransP> &
00050500C000
000403030000
000004030300
000000040303
000000000505
00000000C000

<EndHML>

Fig 7 Definition and final results of a Hidden Markov Model training stage

For the connected word experiment, 6 words were .pronounced by the spezker, 1(;
represents six digits connected. A raw of silence was interposed between each wor
pronounced to avoid overlap between them.
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4 Hidden Markov Models

Now, we are going to show the algorithms employed for Automatic Speech Recogni-
tion using Hidden Markov Models (HMMs). Like we know, HMMs mathematical
tool applied for speech recognition presents three basic problems [Oropeza, 2000]

[Rabiner and Biing-Hwang, 1993] y [Zhang 1999]:
Problem 1. Given the observation sequence O = 0,0,....0y, and a model

A=(A,B,7), how do we efficiently compute P(O 1), the probability of the
observation sequence, given the model?

1. Initialization
a,(i)=7:‘,b,(0,) 1<isN 2]

2. Induction
N
@,,, () =b,(0,.,)D.a,()a, 1<, 1=<T-1 [3]

1=

3. Termination

N
P(O|A) =2 a:() 14)

Problem 2. Given the observation sequence O = 0,0,....0; and the model 4,
how do we choose a corresponding state sequence O = ¢,g,...g7 Which is optimal

in some meaningful sense?
1. Inicializacién

8,()=mb,(0,) 1<i<N Is]

2. Recursion
8,1(j)=b,(0,)|max 5, (ha, isim1s<T-1 6]

3. Terminacién

p =max[5, ()] 1sisN 1)
g  =argmax[56,()] 1<isN 8]

Problem 3. How do we adjust the model parameters

A = (A, B,7) to maximize P(OA)?

exp ected  number of umes from state s,lo stale s 7
i = iUt A
' exp ected number of iransiion s from siate s, l 9 l
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5 = expected number number of fimesins,and observang v, “0]
o exp ected number of imes in state Vi
Then, HMMs algorithms must to solve efficiently the problems mentioned above.
For each state, the HMMs can use since one to five Gaussian mixtures both to reach
high recognition rate and modeling vocal tract configuration in the Automat

ic S
Recognition. ic Speech

§ Gaussian Mixtures

Gaussian Mixture Models are a type of density model which comprise a number of
component functions, usually Gaussian. These component functions are combined to
provide a multimodal density. They can be employed to model the colors of an object
in order to perform tasks such as real-time color-based tracking and segmentation. In
speech recognition, the Gaussian mixture is of the form [Bilmes 98] [Resch, 2001a]
[Resch, 2001b], [Kamakshi et al., 2002] and [Mermelstein, 1975 '

P S
E TN = e E Ny
27!\ det(T)

Equation 12 shows a set of Gaussian mixtures:

K
g'n(x)=zwk * g1 2, )(x) (12]
k=1

In 12, the summarize of the weights give us

X
Yw,=l VY oie{lunKk} 1w, 20 3]
=]

6 Results

HTK counts with the tool HResults, which uses dynamic programming to align the
two transcriptions and then count substitution and insertion errors. Figure 8 shows
that the percentage obtained was 95% for isolated words.

hresults -A -T 1 -e 77?7 s{1 lista hem.txt rec.mif
...................... HTK Results Analysis asescssescscesscnsceena
Date: wed Jul 03 17:53:48 2006
Ref -

rec : rec.mlf
memeeaecceccccccccccaaan overall ResullS —mecomcemmcommmmmmeca———-
SENT: XCorrect=95, 00 [H=95, S=3, N=100]
WORD: XCOrr=95.00, ACC=95.00 [He9S, D=0, Se5, I=0, N=100)

Fig. 8 Digit isolated results using words
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And for the connected words the results are shown in figure 9.

SENT: %cCorrect=60.87 [H=14, $=9, N=23]
WORD: “Con~92.75, Acc=92.03 [H~128, D=1, 579, I=1,N=138]

Fig. 9 Digit Connected results using words, format HTK

The line starting with SENT; indicates that of the 23 test sentence utterances (with
6 digits each one, a total of 138), 14 (60.87%) were correctly recognized (discontinu-
ous speech recognition). The following line starting with WORD: gives the world
level statistics and indicates that the 138 words in total, 92.75% were recognized
correctly. There were 1 deletion error (D), 9 substitution error (S) and 1 insertion

error (I).

The use of phone-based (monophones) with the corpus data used, we obtained the
following results:

hresults -A -T 1 -e 2?72 si] lista_hm.txt rec.mlf
MHTK Results ANalysis =eeececescceveccscccecs
Date: wed Jul 20 11:10:58 2006

------------------------ overall ReSUlITS -=---o-memmmmm—-momemooooe
SENT: XCorrect=73,91 [Mel7, Se6, N=23]
WORD: NCOrr=97.03, ACC=97.03 [M=397, D=8, S=9, I=17, N=573]

Fig. 10 Connected digits application using phonemes as linguistic structure

Context-dependent triphones can be made by simple cloning monophones and then
re-estimating using triphone transcriptions. HTK counts with HLEd tool to do that.

Figure 11 shows the results:

hresults -A -T 1 -e 27> si] lista_hmm.txt rec.mif
e L LT LT T == HTK RESUITS ANAlySiS memecsscmscemcccscccecnen
Oa;e: wed Jul 17 12:13:48 2006
Rel

Rec : rec.mlf

oOverall Results
SENT: XCorrect=60.87 [Hs1l4, S=9, N=23]
WORD: XCOrr=96.76, Acc=93.52 [H=597, D=10, S=10{ I1=20, N=617]

Fig. 11 Connected digits application using triphones linguistic structure

From [Oropeza 2005] a 98% was reported using syllables. The results show the com-
parison between different linguistic structural in the corpus digit for Spanish language.

7 Conclusions and future works

The main feature that is used to characterize the complexity of speech recognition
is weather the speech is connected or is spoken one word at time. In connected
speech, it is difficult to determine where one word ends and another begins, and the
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characteristics acoustic patterns of words exhibit much
on the context. Isolated word reco
words are separated by pauses.

greater variability depending
gnition systems do not have these problems since

HTK is a set of tools that
(ASR) secure and efficient. It
monophoneme definition as li
tool that permits to create lab
DOS shell prompt.

In this paper we show the results obtained in both Isolated and connected speech
recognition systems using HTK for a digit corpus in Spanish language. At the same
time, we employed three structural linguistic (words, phonemes and triphone) and we
compared them with the results obtained when the syllables were used for the same
corpus without employ HTK.

permit to create an Automatic Speech Recognition
permits to use words, phoneme or triphone based on
nguistic structures. Also, it contains with a graphical
els for each word. The rest of tools are accessed via

The differences found it between the accuracy recognition using different linguist
structures is a consequence of so much things. Firstly, the labeling proposed here was
effected using HSLab tool, which does not permit an automatic splitting of the word
Then, human errors are possible to appear and it affects a good response of the sys-.

tem. It explains because the error rate is lower than compared with the experiment

using syllable structures, where a Knowledge based system was used for the splitting
the word.

So, the result obtained shows an im
plementation of them. The most imp
integration of triphone structure and i
to use other linguistic structures in
using new approaches. Also, incorpo
speech recognition with noise can b
structures.

portant accuracy to consider an adequate real im-
ortant result extracted from the experiment is the
ts repercussions for future works. The possibilities
ASR increment the faculty to create real systems
rating the analysis previously realized in automatic
e another way to consolidate the study of linguistic
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