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ABSTRACT

Previous works on speech recognition utilizing neural networks
have often relied on either recognition through segmentation or
mapping of the representation trajectories to the phoneme
space. Here, information could be missed due to the manner of
border labeling techniques. Recent works have indicated that
firstly, phonetic borders and transitions would have a good
potential to be recognized as acoustic units, and secondly,
recognition of the fast transitions by neural networks, as fixed
cues in time, results in high performance detection and
recognition of those events. This approach was manifested
through recognition of basic units formed from the VC and CV
borders in Farsi (Persian) spoken language. Analysis of the
resulting errors has indicated certain discrepancies amongst the
theoretical linguistic points of view and implementation
outcome. Implementation results have indicated that the CV,
CVC and CVCC linguistic models for Farsi syllables do not
always match the reality of the acoustic space in the speech
signal.

1. INTRODUCTION

 Analyses of the previous researches results in continuous
speech recognition and the associated errors encountered in the
acoustic modeling implemented techniques, have indicated the
potential for extraction of considerable information from the
phoneme borders and transitions. To this effect, modifications in
the training, labeling and classification methods, along with
certain changes in the fundamental acoustic units deem
necessary.   Previous works on speech recognition utilizing
neural networks have often relied on either recognition through
segmentation [1] or mapping of the representation trajectories to
the phoneme space [2, 3, 4]. Careful attention on the results of
these models show that, in these methods acoustic information
hidden in phone boundary areas have often been neglected due to
border labeling techniques. In these phoneme segmentation and
labeling methods, fast spectral transitions of speech signal
placed on a borderland between two successive phones, and
therefore the errors which are produced by the human labeling

and the matching errors arising from dislocations of the
recognition model on speech signal make some unnecessary
variations on input of the recognition model that, they could
waste some of useful information lied in the phoneme borders in
speech signal. This point could possibly be considered as a
bottleneck existing in the current speech recognition systems.

For this reason, it is necessary both to modify current labeling
methods in outputs of the fundamental acoustic units
recognition models, and to improve these units themselves. In
training of neural network models by segmented speech phones,
usually segmentation is done on those regions of speech signal
that have the most spectral slopes, i.e. phonemes borders. To
this effect, in determining the locations of the phonemes borders
on speech signal, small errors could produce large amount of
undesirable effects on recognition performance of the model. In
other words, in these areas the sensitivity of the spectral
parameters to segmentation places variations are maximum.
Whereas, in training the transitions to the model, dislocations
must be as little as possible. On the other hand, when the
mapping of representation vector trajectories to the phoneme
space, being trained to a neural model, although the speech signal
would not be segmented [2,3,4], but the output labels of the
model would be changed on the transient areas at the phoneme
borders, that they contain both the human labeling dislocations
and the highest degree of recognition errors in our last
conventional implementations. Therefore if we manipulate some
modifications in the speech labeling description methods on the
model outputs, so that the deficiencies mentioned above are
minimized, then it is expected that in this way, we can achieve
higher degree of recognition rates. Transitions are usually low
affected by speech velocity changes, and their dynamical
features are more stable than the other speech regions and in
other words, the duration of the transitions in different
utterances has less changes than the stationary areas, this is
another point which must be considered. This is a relative
preference in training to a neural network recognition model
because in recognition of acoustical events by a neural model, the
performance is highly affected undesirably by dislocations and
time variations. Therefore if we select the transitions as some of
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our recognition   units in this way, we can improve most of the
weak points mentioned before.

 2. VOWELS AND CONSONANTS
SEGMENTATION AND RECOGNITION

Spectral specification of speech signal is time variant due to
articulators functions in the vocal tract. Any vocal tract change
causes some variations in the speech spectrum. These spectral
variations are highly informative and play a principal role in
human speech perception. In our approach in this paper, the
transitions between successive phonemes are identified as one of
four vowel-consonant border types i.e. VC, CV, VV, and CC, and
considered as auxiliary recognition units. Furthermore, analysis
of our last implementation results on phoneme recognition using
articulatory features has shown that the feature Syllabic which is
discriminative between vowels and consonants, could be
accurately extracted by a neural network [2,4]. On the other
hand, vowels are usually recognized with the neural recognition
models with high correction rates and recognition errors are
mostly issued from the consonants. Here we have designed a
modular neural network recognition model; firstly a network is
used to discriminate between vowels and consonants by sliding
on the trajectory of speech representation vector in the input
space (VCS).

Furthermore, in order to locate the transitions exactly, another
network is separately trained so that, for every type of
transition between two successive phones an output neuron
would be activated for an instant impulsively. Our preliminary
experiments have shown that the neural networks are potentially
capable of learning the acoustical events as fixed cues in time
instantly. When a neural network is used to recognize
instantaneous acoustic events, a best-match technique could be
used to compensate labeling dislocations. In this manner, pattern
variations in input of the neural recognition model would be
reduced and the recognition tasks become easier. Linguists have
suggested CV, CVC, and CVCC structures for Farsi syllables [5],
thus here we specify vowel locations as center of syllables, and
then recognize the vowels themselves. On the other hands,
phoneme borders are trained to a dynamic neural network with
four outputs, i.e. VC, CV, VV, CC, in order to locate the
transitions exactly. A CV output must be activated at the first of
any vowel, and similarly, at the end a VC output must be
activated. Borders are located separately because transition
times must be determined precisely. Outputs of this network
have to be trained by impulsive functions. These functions
would be zero all of the times except on the borders in which
replaced by the values; 0.3, 1, 0.3, respectively. For any
transition on any border, only one related output neuron of this
network would be activated impulsively with respect to the
border type, i.e. one of VC, CV, VV, or CC. Impulsive output
description enables the model to determine the border locations
exactly, and also facilitates the network recognition task by
reducing input pattern variations.

Thereafter by some other networks consonants located before
and after the vowels are recognized. Here at first, training and
recognition of consonants are done constantly with respect to
the labels of database by these networks, and then the networks
are permitted to move to the left and right for some frames and
find the best-matched points. Thereby, human border labeling
errors could be compensated and the clarity of input patterns for
the networks could be increased during the training and
recognition. Here we disregard the third consonant in the
syllables with structure type CVCC due to its low role in the
Farsi continuous speech.

2.1. Speech Representation

Representations have been used in our experiments are LHCB
[2,6]. Any representation vector is extracted from one speech
frame containing 18 parameters being logarithm of energies in the
Hanning type critical band filter banks which bandwidth of any
filter is one bark. Frames length is 1024 samples with 512
overlaps and sampling frequency is 44100 samples per second.
The database used is FARSDAT [7]. Representation parameters
were normalized such that the mean value of energies for high-
energy frames of the utterance would be constant.

2.2. Vowel-Consonant Discrimination (VCS)

A time delay neural network VCS with 37 nodes on the input
layer, 32 neurons with 7 time delays in the first hidden layer, 64
in the second hidden layer, and 1 in the output is used for vowel
consonant discrimination. This network slides forward on the
input vector trajectory and specifies that a vowel or consonant
placed on the input at any time. Here as input vector, LHCB
parameters, difference of LHCB and energy are used. Seven
successive frames are simultaneously entered to the network
inputs, which their specifications are combined in the second
layer. Output of this network is mostly used to analyze the
performance of the model specially, the origins of errors.

2.3. Detection of V-C Transitions (VTC)

The second neural network that is used in the model is  VTC.
This network has 37 nodes on the input, 32 neurons with 10
time delays in the first hidden layer, 128 neurons in the second,
and 4 in the output layer for classification of the transitions
located on the borders i.e. VC, CV, VV and CC. Inputs are similar
to the last network, and 10 successive frames are simultaneously
given to the network (5 frames in any side) in order that the
dynamics of the transitions could be recognized. Output labeling
is narrow impulsive form for locating the borders. When a border
is placed at the middle of the 10 frames input, related output
would be 1. Other outputs at that border and, all outputs out of
the borders would be zero. Such manner of describing the
outputs enables the network to locate and identify the
transitions as fixed cues in time instantly. Moreover, this
possibility would be obtained that the best-match technique



would be used in training and recognition of the network by the
database. In this technique, for some consecutive frames the
network outputs are obtained and then, the correlation functions
of these outputs with the labels are computed, and the maximum
value is determined. Then, the training of the network would be
continued with the labeling output pattern at the best-matched
location. In this manner, when the network is used for
recognition, it slides forward on the input successive frames, and
for any border one of the network outputs is activated. Hereby,
location and type of the borders (i.e. VC, CV, VV, CC) could
exactly be determined.  In this model, the types of borders are
needed to select the consonant recognizer networks properly
before and after the vowels. Having the outputs of this network,
the structures of syllables of the input utterance would be
available and could be presented as a series of V or C  (vowels
and consonants). Therefore syllabic and phonetic segmentation
of speech input could be done, and the location of variable
acoustic events could be performed. In our opinion, this manner
of speech recognition has more agreement with the reality of
nonlinear nature of speech signal. Moreover, this structure of the
recognition model, could tolerate the input different speech
velocities.

2.4. Vowel Recognizer Network (VS)

Now after the location of vowels and consonants, recognition of
them is feasible. There are two ways for recognition of vowels;

• Recognition by a dynamic neural network fixed on the
vowel and,

• A dynamic neural network sliding on the trajectory of
input vector, one of its outputs becoming 1, with
respect to the type of the vowels, and for consonants
none of the outputs would be activated.

Here we used the first method. The network has 37 nodes on the
input,32 neuron with 10 time delays in the first hidden layer,
128 neurons in the second, and six neurons on the output, one
for any vowel. Having the vowels, the next step is recognition of
the consonants. For Farsi syllables there are three syllabic
model; CV, CVC, and CVCC. Therefore a consonant could be
placed at three positions, before the vowels (C1V…) in all three
syllabic models, after the vowels (C1VC2…) in the second and
third, and finally, as a third consonant in the third model
(C1VC2C3). We have trained and recognized these three types
of consonants by three fixed dynamic networks separately.

2.5. Recognition of Consonants Located
before the Vowels (CVT)

A dynamic neural network with 19 nodes on the input, 32
neuron with 11 time delays (7 in the consonant side and 4 in the
vowel) in the first hidden layer, 128 neurons in the second, and
23 neurons in the output is selected for the recognition of the

consonants before the vowels, i.e. C1. Number 23 is equal to the
number of consonants in Farsi spoken language, which could be
placed before the vowels. This network is fixed on CV
transitions and then trained. The best-match technique is also
used in training and recognition of this network. Here, output
labeling of the network would be impulsive too. In the
implementation, it must be considered that two successive
borders may be close to each other and in such a case, more than
one impulse would be on the outputs simultaneously. When this
network is used to recognize a consonant, an impulsive output
would be activated related to the type of the consonant. This
manner of recognition is based on the point that in vowel-
consonant transitions there are much useful information
specifying the consonants. Our implementations have comprised
some interesting results. When the outputs of the VTC network
are assumed to be error free, i.e. they are equal to the labeling of
the database completely the speaker independent consonant
recognition rate is too high, i.e. nearly %85. Also correct
answers are in the first two options with %91.2, in the first
three options with %94.5 and finally in the first four options
with %96.7 correction rates. These results refer to two points.
Firstly, in conventional methods of recognition of the
consonants, origins of the errors are mostly in the incorrect
location and identification of VC borders, i.e. in VTC outputs,
either in dislocations of the borders or in insertion or deletion of
borders in the speech trajectory. Secondly, if the search space of
recognition task could be limited to a few of consonants the
correction rates would considerably be increased. This is an
important point. We believe that by this way the human
perception could achieve the high correction rates in phoneme
recognition.

2.6. Recognition of Consonants Located
after the Vowels (VCT)

 The network VCT used for recognition of consonants after the
vowels is similar to the last network with these two differences.
First, the seven frames in the input of the network are in the
right side (Consonant side) and the other, the number of output
neurons is twenty. Because, in VC case both the entrance of
voiced and unvoiced plosive consonants from a vowel are the
same. For example, the acoustic entity of two transitions
between “ab” and “ap” are nearly the same and the differences
of two speech phones “b” and “p” are mostly in their releases.
Thus, in outputs of this network two aforementioned transitions
are shown by a neuron. A consonant placed between two
vowels is assumed C1 and recognized by combination of the
outputs of both VCT and CVT networks. In this case the correct
recognition rate is comparatively high. But when two or three
consonants are placed between two successive vowels (VCCV,
VCCCV) low correction rates would be obtained. Here VTC
outputs could be applied to locate CC borders and then a CVT
like network fixed on the border could help the recognition of the
consonants.



3. IMPLEMENTATION RESULTS AND
ERROR ANALYSIS

Analysis of the performance of the network VCS has shown that
the network output fails in some specific instances. Two
important cases are the phones “i” and “y”. Careful attention on
the steady areas of these phones is shown that they are
identical. Human auditory system discriminates between them
by unconscious references to the context. This can be examined
when the two syllables “mil” and “meyl” are uttered. Thus, in
the steady areas the two phones “i” and “y” must be described
by one neuron so that the model does not confront the
inconsistency. This point weakens the bases of the syllabic
models based on V-C. It shows that the classifications of “y” as
a consonant and “i” as a vowel are based on the human
perception capabilities and do not match with the quantitative
entities of these two phones in engineering analysis. In other
words, these results are shown that the theoretical linguistic
points of view do not always match the reality of the acoustic
space in the speech signal. This, points to a much needed and
greater degree of sensitivity when engineering tools are utilized
to implement the linguistic theories. Actually, the contiguous
phonemes are necessary to be considered by a phoneme
recognition model. Moreover, V-C based recognition models are
not so proper to use for the combination of information of
steady and transient portions of the phones. This would be
better to train and recognize the borders between any couple of
successive phones by the model separately. That means the
recognition of diphones and steady portions in speech jointly.
For this reason we suggest the recognition of borders for any
couple of successive phones separately, fixed and using the best-
match technique, Besides, phoneme Steady portions are
recognized by a segregated network traveling through the
trajectory of the speech representation vectors. Then the results
must be combined in a modular and hierarchical neural network
for any phone. Here the information of phoneme transitions are
extracted and kept at a high quality and combined with the
information from the other portions. On the other hand, in
recognition of borders, by limitation of search space to two
successive phones in the model, training and recognition of
phonemes in an optimum decision space would exactly be
possible. The problem in discrimination of “i” and “y”
mentioned before has also affected on the identification of V-C
borders by the VTC network undesirably and excessive V-C
borders have inserted on speech signal. Some other errors in
performance of the model are that the semi-vowel consonants
“v”, “m”, “n” and “l” are sometimes recognized as vowels
specifically “u” and thus related V-C borders are deleted or
displaced. Deletion of the V-C borders collapses the
performance of the model and causes the recognition errors.
Usually, CV borders are located and identified correctly and on
this basis the recognition of syllables could be performed. The
recognitions of other phones are often done well and these
phonemes and related syllables could be extracted successfully.

Occasionally, on the borders located between the semi-vowels
and the other consonants, a CV or VC output of the VTC
network is erroneously activated and therefore, the similarities
between the semi-vowels and the vowels produce some
problems. The middle areas of the long semi-vowels are
sometimes recognized as vowels. An important failure in the
performance of the model is excessive insertion of short vowels
after the motionless consonants specially “r ” and also “q”, “k”,
“h”, “l”, “n” and “y” in the signal. Actually, when these
consonants are uttered in a motionless situation they are
followed by a short unheard vowel. This vowel could insert an
excessive syllable. Moreover, the consonant “v” is changed by
the vowel “u” erroneously, because their articulatory gestures
are close by each other. An important result obtaining from
these errors analyses is that the human speech perception
doesn’t recognize the phones only from their local acoustic
entities but the contiguous phones (i.e. context) interfere in the
recognition unconsciously and the phones are often recognized
with respect to the context. Thus, in the designing of the future
recognition models this important point must be considered.
That is why, we suggested applying the information of both
steady portions and transitions jointly in a modular and
hierarchical neural network.

 4. CONCLUSION

Analyses of the previous researches results in the continuous
speech recognition have indicated the potential for extraction of
considerable information from the phoneme borders and
transitions. Thus, using the fixed and best-matched neural
networks at the borders, the wastes of information have been
reduced. Then we combined output results of the both phones
stationary areas and transitions properly. For the location of V-
C borders we used a neural network with impulsive outputs.
Encouraging phoneme recognition correction rates would be
achieved through the proper combination of results. For
improvements, we intend to recognize the borders of any
specified couple of phones by neural network rather than the
recognition of V-C borders and hereby to reduce the model
errors. Proper combination of successive acoustic events
recognition results could achieve the higher correction rates by
limitation of search space. Preventing the insertions and
deletions of vowels and V-C borders using the proper methods
the high speaker independent recognition rates (nearly %85)
could be achieved.
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