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Abstract

A novel very light weight approach to isolated word
speech recognition is introduced. The approach uses a
new simplistic feature set and a neural network rec-
ognition system. The algorithm's main processing
requirements are FF'T computation and a simple neu-
ral network comparison, making the method a suitable
solution for low price embedded devices.

The proposed method is tested on single speaker and
multiple speaker test sets and the results are com-
pared with a widely used speech recognition ap-
proach, presenting very fast recognition and quite
good recognition rate.

1. Introduction

Recognition of human speech is a research field with
more than 30 years of history and several different
solutions are presented to cope with its complexities
and difficulties, such as Hidden Markov Models [1],
Time Delay Neural Networks [2], Support Vector
Classifiers with HMM [3], Independent Component
Analysis [4], HMM and Neural-Network Hybrid [5],
Hybrid Neuro Fuzzy approaches like [6] and [7], and
Fuzzy Hidden Markov Models as in [8] and [9]. But
despite the existence of so many approaches, they all
have more or less problems such as too much required
processing time or low immunity versus noise and
these problems have not been quite solved with the
increasing of computational resources.

On the other hand, as Zadeh insists in [10], more pre-
cise computations do not necessarily result in more
correct answer in cognitive tasks and it may even result
in poorer answers. Based on this idea and Zadeh's new
paradigm for cognitive tasks (i.e. linguistic processing)
a novel feature set for speaker dependent phoneme
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recognition was introduced in [11] to achieve a high
level robustness versus noise. In this approach, the
speech spectrogram was converted into a linguistic
representation and this representation was recognized
using a conventional fuzzy rule base, which was
trained by genetic algorithms. The major advantage of
the specified approach versus the previous contribu-
tions was in its simplicity and its noise robustness for
single speaker test sets but on the other hand, it had the
disadvantage of very low training speed and inability
to learn speaker independent cases.

To develop an isolated word speech recognition sys-
tem for embedded devices, two main requirements are
low computation and high resistance versus noise. To
achieve these goals, this paper presents a simplistic
feature extraction approach similar to that of [11], with
the relative advantages that it does not require fuzzifi-
cation, it can be used with a simple single layer neural
network, and it can be trained and recognized very fast.

In the rest of this paper, section 2 and 3 present the
feature extraction and training algorithm. Then the
experimental results and comparisons are represented,
and at last come the conclusions and future works.

2. Feature Extraction

To extract the features, we used three major ideas
from human auditory system:

1. We are more sensitive to lower frequencies than
higher ones.

2. Our sensitivity changes due to recent inputs.

3. A human recognizer does not read the spectro-
gram with full precision and only pays attention
to local rough features.

Based on these ideas, we first try to have a rough
sensitivity adaptation by applying a horizontal mean

COMPUTER
SOCIETY

IEE I-'



filter to the spectrogram. To do so, the average of each
frequency band is computed and subtracted from all
values of that band. The values that drop below zero
are changed to zero and the remaining values are nor-
malized to 0 to 1 range.

At the next step and to extract local rough measures
from the filtered spectrogram, the frequency axis of the
spectrogram is segmented into 25 ranges and the time
axis is segmented into 23 ranges. To have more sensi-
tivity to lower frequencies, the frequency ranges are
selected based on MEL filter banks [12] which are
narrower for lower frequencies and wider for higher
ones. But the time ranges have equal widths (1/23™ of
the sample length which is selected based on experi-
ments). Figure 1 presents a sample spectrogram and its
segments.
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Figurel. A sample of speecil sp_ectrogram with the specified
segmentations; the vertical axis represents frequency and the
horizontal axis represents time.

Once the spectrogram is segmented, we wish to ex-
tract one feature from each of the 25x23 blocks, so that
it represents a rough measure of the highest value of
that block. If we just choose the maximum, the value
will be very much sensitive to noise. To avoid this
sensitivity, the Average Top 10% (AT10) operator is
used which sorts the values inside one block and
chooses the average of the highest 10% values as the
representing feature of that block. Figure 2 depicts the
spectrogram after application of AT10 operator.

Once the spectrogram is simplified, each cell repre-
sents just one value and we have a 25%x23 Matrix of
values as the feature set. Figure 3 presents the entire
feature extraction process.
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Figure2. The spectrogram after simplification

Apply Horizontal Mean Fifter to the Spectrogram:
For each frequency line of the spectrogram,
subtract the average of the line from all values and
set those below zero to zero.

]

Normalize each Frequency Band:
Compute the maximum value of the band and
divide all values per max.

l

Segment the spectrogram into 25x23 blocks and for
each block, perform the following:

l

Sort all values of the block, in descending order.
Compute the average of highest 10% values.
The result is the representator of the block.

Figure3. Diagram of the feature extraction algorithm

3. The Training Algorithm

To train the recognition system using 4710 features,
we assume each set of 23x25 features as a vector and
used one Linear Vector Quantizer neural network for
each class. Each network has 23x25 weights and the
similarity between the input vector and the network
weights represents the similarity of the input to that
class.

In the training phase, N random networks (based on
the number of classes) are created, and for a fixed
number of iterations, the following steps are per-
formed: A random input vector is selected and com-
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pared with all networks. If the most similar network is
the correct class, no training is required and we move
to the next random training sample. But if the correct
class gains lower similarity than a wrong class, both
networks are adjusted so that the wrong one becomes
less similar to the training vector and the correct one
gets more similar. The entire training sequence is de-
picted in Figure 4.

Generate N random networks where N is
equal to the number of classes.

l

>{ Reset /ferationsCount ‘

l

‘ Pick a random training sample as S ‘

l

‘ Choose network Xwith minimum |X-5. ‘

Update X'to X+ a*(X-5).
Call correct class of S, C.
Update Cto C- a*(C-5).

l

‘ Increase /terationsCounitby one. ‘e

YES

Figure4. Diagram of the training algorithm

4. Experimental Results

To test the proposed algorithm, we used two sets of
single speaker and multiple speaker test cases. The
single speaker set included 100 words, each recorded
10 times by one female speaker, and the multiple
speaker set included 250 words, each pronounced by
10 speakers, 5 male and 5 female, extracted from
Fars.Dat speech database.!

! FARSDAT includes a variety of Farsi speech data uttered by 304
native speakers who differ from each other with regards to age,
gender, dialect, and educational level. Each speaker uttered

twenty sentences in two sessions. The speech was collected in

acoustic booth of the Linguistics Laboratory of the University of

Tehran.

In all tests, training is performed by clean data, and
the tests are done in existence of 0 to 20 db of additive
White or Babble noise. The benchmark system is an
HMM recognizer with MFCC feature set.

As depicted in Figures 5 and 6, in all cases, the new
approach has shown almost similar results in compare
with MFCC+HMM benchmark in clean or low noise
environments and much better results in cases where
the noise level, whether white or babble, increases.

Also, Figure 7 presents the comparison of required
processing time for this approach versus the bench-
mark system. The tests have been done on 10 minutes
of recorded speech, segmented into 1000 separate
sample files. As it is seen, the AT10 approach requires
half the processing time the MFCC features require
and the used Neural Networks consume about 240
times less processing time than HMM model.
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FigureS5. Single speaker recognition results
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Figure6. Multiple speaker recognition results
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Figure7. Processing time for classifying 10 minutes of
recorded speech in milliseconds

5. Conclusions and Future Works

A major problem of most ASR systems is noise sen-
sitivity and high computational requirements. To de-
velop a fast, yet noise robust isolated word speech
recognition system, this paper presented a novel fea-
ture set from speech spectrogram, which is based on a
simple operator, called AT10.

The result of speech recognition using this feature set
and 1 layer neural networks, show that in compare with
HMM-MFCC benchmark, this method is more than
200 times faster. Also, it can resist 0 db additive white
or babble noise and have 55% to 75% recognition rate
in such environment.

Noting that most of the required processing of the
proposed feature extraction algorithm is in computa-
tion of FFT which has low price, optimized hardware
chips and the recognition is done with simple neural
networks, which also has hardware implementations,
the good recognition results and noise robustness
makes this approach a very desirable solution for low
price light weight embedded ASRs.

As a next step to this contribution, we are working on
algorithms for fast adaptation with speakers, dealing
with more elasticity in words lengths, and simultane-
ous voice activity detection and recognition.
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