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ABSTRACT

Application of neural networks on Arabic speech recognition is investigated.
The neural networks used in this study are three-layer hack-pmpaéation (BP)
network and integrated neural network (INN). The INN consists of a control
network al;d several subnetworks. The control network identifies to which group
the input speech belongs, where the recognition targets are partitioncd into
several groups, and the subnetworks recognize this input within each group. This
study is divided into two stages. First, a new approach for the segmeritation, that
may be defined as a segmental back-propagation network (SBP), is Proposed to
solve varying length of speech utterances. This new approach is based on the
segmentation of the speech utlerances into a fixed number of segments
throughout the duration of each speech utterance. The SBP- network is then
applied (o determine the suitable number of segments.  Second, a number of
experiments is conducted to assess the performance of neural networks. The

training algorithms are based on the BP and weight smoothing algorithms. The
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weight smoothing algorithm is one of several techniques to improve the

ljeneralization capability of a neural network. Evaluation experiments are

gbnducted on speaker dependent Arabic digits, alphabet characters, and some
K

Arabic words.

KEY WORDS :  Arabic speech recognition, segmentation, neural network,

back-pro'pagation, weight smoothing.

1. INTRODUCTION

Artificial neural networks (ANNs), and more particularly Multilayer
Perceptrons (MLPs), have "recently been recognized as attractive tools for
information processing. The main advantage of ANNs is their capability to solve
the mapping problems much faster than conventional methods due to massive
parallelism. Another advantage lies in the existénce of the effective learning
algorithm, called back- -propagation (BP) (Lippmann 1987). Also, new learning '
algorithms for neural networks have recently appeared (Lippmann 1987, Freeman
and Skapura 1991; Krishnamurthy er al. 1990), and have been applied to
different problem areas (Krishnamurthy et al. 1990; Burr 1988; Matsuoka et al.
1990; Waibel ef al. 1989; Palakal and Zoran 1991).

In speech recognition, MLPs are usually employed as speech pattem
discriminators, where output layer units represent class names, and faust have a
number of properties. First, it may have multiple tayers and sufficient
interconnections between units in each of these layers, This is to ensure that the
network will have the ability to learn complex nonlinear decision surfaces.
Second, the network should have the ability to represent relationships between
events in time. Ti\ese events could be LPC (Linear Prediction Coding)

coefficients. Third, the number of learning features will be time-invariant.
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Fourth, the number of weights in the network can be sufficiently small compared
to the amount of training data so that the network may be forced to encode the

training data by extracting regularity (Waibel er al. 1989).

In case of a small number of pattems, the MLP could achieve higher
performances than conventional methods (Burr 1988; Waibel e‘t al. 1989). At
present, there are practical problems in dpplying the MLPs as discriminators to
large vocabulary, continuous speech recognition. First, the MLP discriminators
require a very large training data set to learn complex discrimination hyperplanes
for a large number of patterns. Second, if new recognition patterns are added,
discriminators in the system. must be retrained using a training data set for all
pattens. Many attempts to overcome these difficulties invélved in using MLP
discriminators are now under investigat"ion (Matsuoka er al. 1990; Iso and

Watanabe 1990).

)

The ability of layered networks to be generalized is. essential in speech -
processing, particularly in automatic speech recognition by machines. There are
several met}:ods to improve the generalization capability of a neural network.
One of them is to collect more training data in order-to achieve good
generalization performance. This could be difficult for some applications and it is
not clear specially when the amount of training data is enough. The other

approach is to constrain the neural network so that it may fit the considered
. 4

problem.

According to (Bebis and Georgiopoulos 1994; Hertz ef al. 1991), a number
of techniques attempted to improve the generalization capability of a network by
modifying not only the connection weights but also the architecture as training
proceeds. These techniques can be divided into two categories. The first category

includes methods that start with too many units and discard some units as
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required. These methods are called pruning and weight decay methods. The
second category includes methods that start with a small number of nodes and
gradually the nodes or connections can be added as needed. These methods are
called constructive methods. Also, a weight smoothing algorithm would be
determined a5 another technique for improving the generalization capability of

neural network (Jean and Wang 1994).

Much work has been done on the recognition of English spoken words. Both
either isolated or continuous but there has been a little research on Arabic spoken
words. So, this paper imple‘ments two types of neural network on Arabic spoken
recognition. These two models are back-propagation (BF) network and integrated
neural network (INN). JThe i.xnplemgnted training algorithms are based on back-
propagation and weight smbbthing _algorithms. Also, our work describes the
p‘roposed method of segmentation in order to solve the problem of length

variation of speech utterances on the basis of BP-network.

2. SEGMENTATION

The speech signal is divided into small segments that can be assumed to be
stationary and extracted features for each of these. The typical used values of the
segment size range from 25 to 75 msec (Parsons 1987). The variations in the
utterance length of the word spoken several times by the same speaker is an
important problem. On the other hand, dividing the speech signals with various
length provides various number of segments. This problem was solved by
applying time normalization approaches (e.g. line time warping, dynamic time
warping (DTW),...) (Parsons 1987). Time normalization is frequently done by a
process known as “"time warping". A warping function provides the neural

network input nodes with a fixed-length representation of each utterance.
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The proposed approach of segmentation divides the speech signals into a
fixed number of -frames throughout the duration of speech utterances. The
segmental back-propagation (SBP) network is then used to choose the suitable
number of segments. In the process of DTW, a more computational time is taken
in computing the distance between the test frames and the reference frames. This
time can be significantly reduced when applying the proposed method of speech

segmentation which assumes that the number of frames of each utterance is fixed.

2.1. Segmental Back Propagation-Network Structure

It should be mentioned that, several recent approaches have been
implemented for time normalization (Bebis and Georgiopoulos 1994), The SBP-
network differs from these récent approaches in that it attempts to recognize each
utterance  individually by using all its frames in an utterance length
simultaneously to perform the recognition concept. The SBP-network used in this
work is a three layer back-propagation network. The input to the network will be
a fixed number of frames each consists of speech features which is defined

mathematically as:

Input data = No. of frames x No. of features per Frame 1)

The number of frames is fixed while the utterance length ¢, of spgech signal
depends on the number of samples V, in one utterance (speech signal), and the

sampling rate f, and it may be calculated by the expression

Nll
l,= 7 @
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In this moment, the number of samples N in each segment can be deduced
according to the multiplication of the number of samples per frame N for the

utterance length equal one second and the utterance length 7,,.
N=N,xt

. " ©)
/

The number of samples per frame N, and the frame length (msec) { ; can be

computed directly as a function of number of frames N, (would be fixed)

through the equations:

N,=t; x
1000 @)
YN,

5

3 TRAINING ALGORITHMS

Neural networks are highly parallel computing structures consisting of a
number of simple processing units, called neural units, and a set of
interconnections between these units and the inputs-to the network. In order to
perform a particular tagk, neural nets undergo a training process in which the
weight vectors associated with the units are modified. This process depends on
the network being presented with statistically representative data dunng the
training process. The network modifies the weight vectors based on internally
calculated error measure derived from the training data. There is a number of
techniques used to modify the weights, but all of the techniques can be classified
as either supervised or unsupervised. The training concept{ that will be

considered in this work are back-propagation and weight smoothing algorithms as

supervised learning rule.
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3.1. Back-Propagation Algorithm

Back-propagation is the most widely used tool in the field of ANNs.
Currently, it is the most popular method for performing the supervised learning
task. The back-propagation algorithm is a generalization of the least mean square
(LMS) principle. It uses a gradient search technique to minimize a cost function
equal to the mean square difference between the desired and the actual network
outputs. The desired output from output nodes is typically "low" (0 or<0.1)
unless that node corresponds to the current input class, in which case it is "high"

(1.00or20.9).

The network is tfai/ned by initially selecting small random weights and
internal thresholds and then preselecting all training data repeatedly. Weights are
adjusted afier every trial until weights converge and the cost function is reduced
to an acceptable value, i.e., prespecified value. An essential component of the
algorithm is the iterative method that propagates error terms required to adapt
weights back from nodes of the output layer to nodes of the lower layers. The
back-propaggtion algorithm refers to an iterative training process in which an
output error signal is propagated back through the network and is used to modify

weight values (Lippmann 1987).

3.2. Weight Smoothing Algorithm

A weight smoothing algorithm has been introduced before by Jean 1994 te.
improve the generalization capability of neural network With this, a smoothing
constraint i incorporated into the objective function of back-propagation to seek
solutions with smoother connection weights. Experiments were performed on

problems of wave form classification, multifont .alphanumeric  character

recoguition, and handwritten numeral recognition,
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To locate a smoother solution, the back-propagation algorithin can be applied
to minimize a new error function which includes not only the normal square error
term but an extra error term that measures the unsmoothness of weight vectors. In
fact this technique of adding an extra error term is a regularization which is
commonly us/cd to stabilize solutions to ill-posed problems (Jean and Wang

1994). The number of input neurons and hidden neurons are 1 and H,
respectively. The connection weight w; between the j th hidden neuron and the

ith input neuron, and the weight vector of the j th hidden neuron is

W, Wiy Wizseoos W 4) will be required to the next analysis. A simple measure
1

of the unsmoothness of the weight vectoras Y [ w; — Wjy * may lead to
i=2

the determination of the new ervor function according to the mathematical form:

H 1
Euzw = El *4 ZZ [wji - wj(i-l)]l (5)

=l =2

In Eq. (5) the symbolE, means the normal square érror term while {is a

constant. Therefore, for all / and j,
[}

oE,,., JE,
- ey = 2 )L [2wj,-wj(,-_,)—wl-(,-m] (6)

owy dwy

Two variables ;o (= w;;) and w),,,,, (= W) are introduced in Eq. 6) to
simplify the boundary condition. It may be note that the term

13

(Qwj; = Wjgy — Wjgy) indicates the sum of differences between a weight w ;

and its two neighbors. From Eq. (6), the iterative weight updating on the basis of
the iteration index f, the weight change 4 w;(t+1) of w; at 1+1, the
momentum 7, the leaming rate &, and the weight change Awj(t+1)

JE,
=-3

) at 7 +.1 computed from the square error term. This process may be

W

expressed mathematically by
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4 ‘V/i(’ + 1) = 'IA “'j,‘(l) + 5 {A W;‘-(l + 1)
- 2{[2\‘:1.,.(1) =Wy - Wj(iﬂ)(’)]} o)

Eq. (7) indicates that in each weight updating step a compromise between
minimizing the square error and reducing the difference among neighboring
weights is made. To increase the chance of successful training, iwo techniques
were incorporated into the s;lmooﬂling algorithm. These are the over-relaxation
and annealing smoothing factors. In concern of the over-relaxation technique, Eq.

(7) can be reformulated as (Jean and Wang 1994)

Aw (1 +1)=nAw; (1) + 8aw; (1 +1)
-28 ¢ [2Wj,~(’) = Wip(1) — Wj(iﬂ)(‘)] (®)

The first line of Eq. (8) contains a term which is the same as that used for
back-propagation with momentum. With this observation, an over-relaxation

technique will be adopted in the following procedure where the weight change
A W;(t+1) will be approximated by two operations as:

AWPU+D)=nAw,(N+3Aw,(1+1) (9-a)

sm b, )
AwS(r+1)= WP(+1)-25 & [2wP(1 +1)

WD) W (4 D))

(9-b)

Eq. (9-a) is a typical back-propagation weight updating and Eq. tD-b) isan
extra step to smooth the weights based on the newer weights of Eq. (9-a). The
technique of using newer weights to perform updating is called over-relaxation
and it is used quite frequently in iterative optimization techniques. With Eq. (9-
a), the weights are updated and then the errors are back-propagated 1o the input
layer after the presentation of a training sample. Before the presentation of the

next training sample, the smoothing operation in Eq. (9-b) is applied to the
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connection weights of each hidden neuron. The purpose is to gradually smooth
the weight vector of each neuron over time. Another perspective of Eq. (9-b) can

be observed from the following.re-formulation

Aw(t+)=y wj’f(l +1)+ (_l_;_y)

X (W2t + 1) + W (1 +1)) (10)

- In Ex. 10y the weighting factor y can be deduced as y =1-468¢ (£1).

Eq. (10) means that the smoothing operation on each weight is equivalent to a
weighted average of the weight w; and its two neighboring weights, and that the

weighting factor y determines the - effect of smoothing according to the remark
that a smaller y has stronger smoothing effect; if y = 1, then the operation has
no effect at all. Although the 6perati0ns are performed only within a two
neighbor local area, the averaging effect, or the smoothing effect, is propagated to

a larger neighborhood as the training phase continues.

The annealing smoothing factor is another technique used to increase the

chance of successful training was to let weighting factor y be a monotonically

increasing function of time (or training iteration), i.e.,
7 =7 (=1-(1-7,)¢" an

where y, (<1) and the total number of iteration T" are two constants, qnd 1 is an

iteration counter which is incremented afier each data presentation. In this

moment, it should be mentioned thaty (0)=y, and y (»)=1. Since the

weight changes due to back-propagation decrease as the network training

continues, if y  was kept as a constant, the strong smoothing effect at the final

stage of training would have damaged the solution developed previously. The
function y (¢) thus enforces the smoothing effect to be monotonically decreased

65



Port-Said Engineering Research Journal, Vol. 4, No. 1, March 2000 i

tlong with the training. In the earlier stage of training, a stronger smoothing
effect emphasizes on establishing a coarse yet smoother solution structure; at the
later stage of trairiing, weights usually are quite smooth already and a weaker
smoothing effect allows more concentration on the development of solution

details, i.e., reducing the square error.

For the selection of the* both constants, the first constant T determines the
rate of decay of smoothing effect and it should be proportional to the other size
of the training data set while the other constant y, should be chosen to be close
to 1 for two reasons. First, a vast amount of averaging operations is performed
very frequently (after the presentation of each training sample) so that the
smoothing effect may accumulate very fast even especially if each signal

operation has very little effect. Therefore a large value of the y, will suffice for
the purpose of smoothing. Secondly, a very small value of the y, will cause too
strong smoothing effect to compare with the effect of gradient-decent secking,
and then it will lengthen the training process. The main steps employed in the
weight smoothing algorithm are summarized by a flow-chart in Fig. 1. It contains

three fundamental steps which can be explained as follows:

- The first step is required to initialize weights and thresholds, where alt
weights and thresholds are set to small random values when ¥ =7, and

sweep=1.

- The second step presents input and desired outputs for each data sdr:lple in the
training set where the following three operations should be implemented.
Firstly, the training sample is presented and a typical back-propagation weight
updating may be performed as in Eq. (9-a). Secondly, for each hidden neuron,
the local average will be performed according to Eq. (10) and then finally,
updating the generated value of y according to Eq. (11) would be applied.
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- The third step is a repetition by going to the second step and if exacty all
training data _can be successfully classified or (sweep > MAX-SWEEP), then

stop. Otherwise, increase sweep by 1 and go to the second step.

The smoothing technique provides a simple yet effective design option in
building a neural network. The approach is useful for many pahem recognition
applications, especially wl-len there are strong spatial correlations among
neighboring data points in the input patterns. In smoothing operation, the training
is usually slower than that without smoothness by factor of one. The reasons for
this condition are twofold. First, the smoothing operation is performed in addition
to the weight updating in error back-propagation, and more computation time
may be needed for each sweep. Secondly, since the application of the smoothing
operation causes the solution seeking in the weight space less gradient-decent,

more presentations would be needed in the training.

4. EXPERIMENTS AND RESULTS

In order to examine the validity of the SBP-network and determine the
recognition accuracy of the BP and INN networks, a speaker dependent isolated

Arabic word recognition experiments must be carried out using the speech data.

4.1. Speech Data )

The speech data are obtained in our woik by a single female Arabic speaker.
For the Arabic digits, 200 utterances in the digit vocabulary. The digit utterances
are divided into two sets: a set of 50 uttcrances (S utterances for each digit) is
required for training, and a set of 150 utterances (15 utterances for each digit)

will be needed for recognition. For the Arabic alphabet characters, 644 utterances
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in the character vocabulary are indicated. Also the character utterances would be
divided into two sets: a set of 224 utterances (8 utterances for each character) that
will be used for training, and the second set of 420 utterances (15 utterances for
each character) which may be implementéd for recognition. For some Arabic
words that can be frequently used in communication with the machines, there the
250 utterances in the Arabic word vocabulary, 100 utterances for training and

150 for testing would be introduced for the overall processing.

’

The speaker generates each vocabulary word to a microphone. The
microphone's output is directly connected toa simple 8-bit A/D converter. The
utterances are sampled at 10 kHz sampling rate using Sound Blaster Pro's
(SBPro) A/D converter and analyzed by variant frame periods. The feature
parameters are the 12 th-order LPC PARCOR coefficients as thesc coefficients
may be computed for each frame by performing the Durbin's algorithm on

autocorrelation coefficients of speech (Parsons 1987).

4.2. Segmental Back-Propagation Network Configuration

For the examination of the validity of the proposed concept, an isolated
Arabic digit recognition has been developed by using SBP-network. The ability
of the network to extract the underlying feature of the input speech datais
affected by the frame length or number of segments. If there arc‘insufﬁciem
number of segments (i.e frame interval is 100 long), the network may not be able
to extract exactly the features of speech because the speech over this long time
interval is a nonstationary process and hence the feature parameters will not
reflect the changing properties of the real speech signal: If there is a sufficient
number of segments (i.e sufficiently short-time interval), the network may be
able to extract the features of input utterance because the speech over this short

interval can be assumed practically as stationary process. So, in order to choose
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the suitable number of segments, the recognition experiments of 10 Arabic digits
are caried out using SBP-network which consists of a variable number of input
units, a fixed number of hidden units (50 units used in experiments) and 10

output units to evaluate the best recognition performance of SBP-network.

In all implemented experiments, the number of segments is varied from 5 to
30 (i.e. the number of input units to the network is changed from 60 to 360
according to Eq. 1). For these inputs, several experiments are conducted using a
network with 10 output units as well as 50 hidden units. The standard back-

propagation algorithm with momentum is used for network training.

The recognition accuracy is obtained as a function of number of segments
per word, using 50 utterances for training and 150 utterances for testing. This is
illustrated in Fig. 2 where it can be seen that the highest recognition rate is
obtained at 10 and 13 segment/word. For convenience of presentation the results

are tabulated in Table 1 and this result confirms the conditions that stated above.

)

4.3. Back-Propagation Networl( Architecture

The BP-network used in this work for Arabic speech recognition consists of
three layers: the input layer with 156 nodes (12 features per frame x 13 frames)
derived from the segments via SBP model, hidden layer with a variable number
of hidden nodes, and the output layer with 10 nodes for both Ami)ic digits and

chosen Arabic words and 28 nodes for Arabic alphabet characters.

The increase in hidden neurons provides more degree of freedom to classify
the training data set. If there are insufficient hidden units, the network will not be
able to extract the features of speech exactly and therefore it may not be able to

classify the training data set. On the other hand, if there are too many hidden
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Table 1 The recognition results of SBP
No. of No. of Average
Scgments | Training | Recognition rate
Sweeps (on test data)
5 700 85.33
10 360 91.33
13 240 91.33
15 207 90.00
30 150 86.67
Table 3 Arabic alphabet characters
No. of System Average
Hidden Error Recogaition rate
Units (ml test data)
20 3.75E-03 47.86
25 1.93E-03 59.05
30 1.91E-03 67.38
35 1.97E-03 69.76
40 1.51E-03 72.86
50 1.86E-03 67.62
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Fig. 7 Recognition rate
Table 2 Arabic digits network
No. of No. of Average
Hidden | Training | Recognitiun rate
Units Sweepy (un test dutu)
10 679 88
20 335 91.33
30 346 89.33
40 217 93.33
50 240 91.33
Table 4 Arabic words
No. of No. of System Averuge
Hidden | Training Error Recognition rate
Units Sweeps on test data)
10 400 2.04 E-04 97.33
20 287 8.32 E-05 96.70
30 320 {6.50 E-03 98.00
40 318 9.5]1 E-05 98.00
50 460 3.36 E-04 96.70
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units, a larger amount of training data will be required since there are too many

parameters to estimate from the training data. Otherwise it may be difficult to

converge this case to the optimal solution. The necessary number of hidden units

must be chosen by conducting the recognition experiments using a variable

number of hidden units to evaluate the best recognition performance of the BP-

network. In the following set of experiments, both the back-propagation and

smoothing algorithms are used.

The simulation results using back-propagation algorithm can be tailored as

follows:

1-

w
1

The number of training sweeps decreased monotonically as the number of
hidden units was increased. A learning sweep consists of one presentation of
(60) training patterns for digits and (50) training patterns for alphabet
characters and Arabic words. In this moment, it should be mentioned that Fig.
3 shows the number of training sweeps required for different numbers of

hidden units for Arabic digits.

The results with no smoothing (back-propagation algorithm) are summarized
in Tables 2, 3, and 4. Table 2 shows that the best recognition rute for Arabic
digits was 93.33 percent using 40 hidden units. For Arabic alphabet
characters, the network with 40 hidden units provides a recognition rate of
72.86 percent as listed in Table 3. Moreover, the best recognjtion rate for
some Arabic words was 98 percent using 30 and 40 hidden units as given in

Table 4. Further increase of hidden neurons did not improve the recognition

rate due to overfitting,

From these experiments, it has been found that a network with 156 input
units, 40 hidden units, and a vanable number of output units can be used for

Arabic spoken recognition. This leads us to concentrate on the proposed
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system of processing towards the vital applications in the robotics systems for

example.

The above set of experiments is repeated but using BP-network with the
smoothing algorithm as explained in section 3.2, The smoothing is applied to the
network »Ivith 40 hidden neurons that gave the best recognition rate for BP-
network trained using back-propagation algorithm. The simulation is conducted
for various values of vy and 7. All the values of T are chosen to be integer
multiples of the number of training data patterns so as to be proportional to the

size of the training data set. The results are summarized in Tables 5 and 6. From

these tables, we can see that:

1- For all the experiments of the network with smoothing, the recognition rate of
Arabic digits did not improved significantly than that of the network without

smoothing. The recognition rate appears to be 94 percent when the constant
T= 1000, yo= 0.997 and 0.999.

2- For all experiments of Arabic alphabet characters, the recognition rate is

always lower than that corresponding technique but without smoothing.

w
1

When there are not enough training data patterns, the average recognition rate
is not improved significantly in the case of either smoothing or not. But when
the training patterns are increased, the average recognition rate bécomes much

better than that without smoothing (Jean and Wang 1994).

4.4, Integrated Neural Network Architecture

The INN conslsts of a control network and several subnetworks. The control
network identifies to which group the mput speech belongs, and subnetworks

recognize the spoken words within each group. Using INN, if there are few
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Table § Network with 40 hidden neurons trained with 50 training data

pattern with smoothing effect (for Arabic digits).

Network training System Average
approuch Error Recognitivn rate
(on test data)
Ya T

500 4.79E-05 94.00

0.997 1000 | 4.04E413 8733 |
15000 | 4.86E-05 92.67

0.995 1000 1.83E-04 90.00
2000 6.15E-05 92.67

0.999 1000 6.42E-05 94.00

Table 6 Network with 40 hidden neurons trained with 224 trainipg data

pattern  under smoothing consideration (for Arabic alphabet

characters).
Network training System Average
approach Error Recogaition rate
(on test data)
Ya T
1000 3.10E-02 66,43
0.999 2000 9.12E-03 67.86
2240 71.712E-03 66.67
0.997 2000 4.39E-02 58.10
2240 6.07E-02 57.38
0.995 1000 7.07E-03 65.48
Table 7 Recognition results Table 8 Recognition  results
No.of | No.of Average [ No. of System Average
Hidde | Truining | Recognition rate Hidden Error Recoguition rate
n Units | Sweeps {on test data) Units on test data)
10 563 86.67 20 8.29E-04 85.24
20 303 90 25| 7.83E-04 87.86
30 232 90.67 30 2.13E-03 84.52
40 281 92.67 33 9.72E-04 86.19
50 210 90 40| 8.75E-04 86.19
50 1.78E-03 87.38
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training data, the network can recognize spoken words with higher recognition
accuracy than BP-network. Furthermore, new vocabulary entries can casily be
added to an INN by adding new subnetworks corresponding to the new groups,
The control network and subnetworks  are trained individually using BP-
algorithm (,Matsuoka etal. 1990),

The INN is used to re(.:ognize Arabic digits and Arabic alphabet characters,
In all experiments, the control and subnetworks were chosen to be three-layer
networks. For Arabic digits, the INN architecture is drawn as in Fig. 4. The
recognition targets were partitioned into six groups. This assumption was made

because a prior knowledge about the recognition targets of Arabic digits is not

available.

For Arabic alphabet characters, the INN architecture is given in Fig. §.
Using the manner of articulation, Arabic alphabet characters were partitioned into
ten groups (El-Imam 1989). The number of subnetwork lidden units was varied
from 5 to 15 to optimize the network performance for each subnetwork. And the
number of* the control network hidden units was varied from 10 to 50 in steps of
10 for Arabic digits and from 20 10 50 for Arabic alphabet characters. The results

can be summarized as follows:

1- For the subnetworks the best recognition rate was at 10 to 15 hidden units,

2- The results are abstracted in Tables 7 and 8. From Table 7, it is seen that the
best average recognition accuracy of group identification for Arabic digits
was 92.67 percent at 40 hidden units, For Arabic alphabet characters, the

results of Table 8 gives us that the average accuracy of group identification

was 87.86 percent‘at 25 hidden units,
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Table 9 The recognition results of both INN and BP-network for Arabic
alphabet characters (No. of hidden units = 25).

IN
Group chavacter § (1) Group (b) charucter BP-
Identificution | Recognition In | Overall | Network
Each Gru\m
> 100 60 60 20
t 100 36.67 86.67 | 40
¢ ¢ 100 86.67 86.67 | 9333
8 - 100 100 100 | 86.67
[
¢ & 100 100 100 | 86.67
g ” 73.33 100 7333 | 2667
s
=] o 100 16.67 4667 | 40
» 100 66.67 66.67 | 46.67
s 86.67 86.67 73.33 | 46.67
[
2 3 100 100 100 80
[*3
E b 86.67 100 86.67 | 60
b ¢ 100 86.67 86.67 | 60
2
- ¢ 100 73.33 7333 | 1333
o 100 100 100 | 46.67
g b 100 100 100 80
35
E & & 86.67 100 86.67 | 73.33
=]
o 86.67 9333 86.67 | 53.33
o 46.67 100 46.67 | 60
g s 5333 9333 46.67 | 26.67
s S
2 > 7333 9333 | 66.67 | 46.67
- ' 93.33 100 93.33 | 4667
£3
KX o 9333 100 9333 | 60
100 100 100 | 80
Ede “ 80 100 80 | 7333
f 86.67 - 86.67 | 93.33
c 66.67 - 66.67 | 60
h 66.67 = 66.67 | 66.67
J 30 - 30 | 86.67
Average 87.86 90.56 80| 59.05
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45. Comparison

The comparison between INN and BP-Network were carried out for Arabic
digits and Arabic alphabet characters. The recognition results of Arabic alphabet
characters for the grm'lping method that was based on the manner of aniculaticn
is shown fn Table 9. for the number of hidden units of 25. From all experiments
on Arabic digits and alphabet characters, it was seen that: In an INN, the

recognition accuracy of almost 100 percent are obtained for digits and alphabet

characters recognition in each group.

For Arabic digits, the best recognition accuracy for both INN and BP-
network were 92.67 percent and 93.33 percent based on BP-algorithm (94
percent based on weight smoothing algorithm) respectively These results are
obtained at 40 hidden units as illustrated in Fig. 6. Using the grouping method
based on the manner of the articulation of Arabic alphabet characters, the
recognition accuracy appears to be 80 percent for INN, as comparéd with 72.86
percent and 67.86 percent for BP-network based on BP-algorithm and weight
smoothing «algorithm respectively This higher accuracy for the implementations
of INN may obtamed using 25 hidden units as compared witly 40 hidden units for
BP-network as drawn i Fig 7 This leads us to give a great atiention to the
proposed system of analysis to be applied sucessfully in the field of speech
recognition and speech translation mnto text. This 1s a very unportant ficld in the

modem fields of computer utilizations
5 CONCLUSIONS

From the presented work, 1t can be concluded that

- The proposcd appioach of sepmentation. segmental back-propagation (SBP),

to solve the varying length of speech utterances 1s recommended

7
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- A small computational time is required to fix the number of frames of each

utterance.

w

- The valucs: of the average frame length are approximatcly close to the typical
values of average frame size.
4- The BP-network frained with BP-algorithm achieve better recognition rates
than that trained with weight smoothing algorithm,
5- The INN achieve higher recognition accuracy than BP-network.

6- The INN training time is reduced compared with BP-network.
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