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Abstract. The word boundary detection has an application in speech processing 
systems. The problem this paper tries to solve is to separate words of a 
sequence of phonemes where there is no delimiter between phonemes. In this 
paper, at first, a recurrent fuzzy neural network (RFNN) together with its 
relevant structure is proposed and learning algorithm is presented. Next, this 
RFNN is used to predict word boundaries. Some experiments have already been 
implemented to determine complete structure of RFNN. Here in this paper, 
three methods are proposed to encode input phoneme and their performance 
have been evaluated. Some experiments have been conducted to determine 
required number of fuzzy rules and then performance of RFNN in predicting 
word boundaries is tested. Experimental results show an acceptable 
performance. 
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1   Introduction 

In this paper an attempt is made to solve the problem of word boundary detection by 
employing Recurrent Fuzzy Neural Network (RFNN). This needs a required number 
of delimiters that should be inserted into the given sequence of phonemes. In so 
doing, the essential step to be taken is to detect word boundaries. This is the place 
where a delimiter should be inserted. The word boundary detection has an application 
in speech processing systems, where a speech recognition system generates a 
sequence of phonemes which form speech. It is necessary to separate words of the 
generated sequence before going through further phases of speech processing. 

Figure 1 illustrates general model for continuous speech recognition systems [10, 
11]. As we can see, at first a preprocessing occurs to extract features. Output of this 
phase is feature vectors which are sent to phoneme recognition (acoustic decoder) 
phase. In this phase feature vectors are converted to phoneme sequence. Later, the 
phoneme sequence enters the “phoneme to word decoder block” where it is converted 
to word sequence [10]. Finally word sequence is delivered to linguistic decoder phase  
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Fig. 1. General model for continuous speech recognition systems [10] 

which tests grammatical correctness [10, 12]. The problem under this study is placed 
in a phoneme to word decoder. 

In most of current speech recognition systems, phoneme to word decoding is done 
by using word database. Within these systems, the word database is stored in 
structures such as lexical tree or Markov model. However, in this study the attempt is 
made to look for an alternative method that is able to do decoding without using word 
database. Although using word database can reduce error rate, it is useful to be 
independent from word database in some applications; when, for instance, a small 
number of words in a great volume of speech with large vocabulary (e.g. news) is 
sought. In such application, it is not economical to make a system with large 
vocabulary to search for only small number of words. It should be noted that it is 
necessary to make a model for each word. It is not only unaffordable to construct 
these models, but the large number of models also require a lot of run time to make a 
search. While making use of a system which can separate words independent of word 
database, appears to be very useful since it is possible to make word models of a small 
number of words and to avoid from unnecessary complications. However, these word 
models are still needed with a difference that search in word models can be postponed 
to next phase where word boundaries determined with some uncertainty. Thus, the 
word which is looked for can be found faster and with a less cost. 

Previous works on English language have low performance in this field [3] 
whereas the works on Persian language seems to have acceptable performance, for 
there are structural differences between Persian and English language system [15]. 
(See section 2 for some differences in syllable patterns) Our [8, 9] and others [10] 
previous works confirm this. 

In general, the system should detect boundaries considering all phonemes of input 
sequence. In order to make the work simple, the problem is reduced to making 
decision about existence of boundary after current phoneme given the previous 
phonemes. Since the system should predict existence of boundary after current 
phoneme it is a time series prediction problem. 

Lee and Teng in [1], used five examples to show that RFNN is able to solve time 
series prediction problems. In the first example, they solve simple sequence prediction 
problem found in [3]. Second, they solve a problem from [6] in which the current 
output of the planet is a nonlinear transform of its inputs and outputs with multiple 
time delay. As third example, they test a chaotic system from [5]. They consider in 



52 M.R. Feizi Derakhshi and M.R. Kangavari 

forth example the problem of controlling a nonlinear system which was considered in 
[6]. Finally, the model reference control problem for a nonlinear system with linear 
input from [7] is considered as fifth example. Our goal in this paper is to evaluate the 
performance of RFNN in word boundary detection. 

The paper is organized as follows. Section 2 gives a brief review of Persian 
Language. Section 3 and 4 present RFNN structure and the learning algorithm 
respectively. Experiments and their results are presented in section 5. Section 6 is 
given to the conclusion of this paper. 

2   A Brief Review of Persian Language 

Persian or Farsi (as called sometimes by some scholar interchangeably) was the 
language of Parsa people who ruled Iran between 550-330 BC. It belongs to  
Indo-Iranian branch of Indo-European languages. It became the language of the 
Persian Empire and was widely spoken in the ancient days ranging from the borders 
of India in the east, Russia in the north, the southern shore of Persian Gulf to Egypt 
and the Mediterranean in the west. It was the language of the court of many of the 
Indian Kings till British banned its use after occupying India in the 18 century [14]. 

Over the centuries Persian has changed to its modern form and today it is spoken 
primarily in Iran, Afghanistan, Tajikistan and part of Uzbekistan. It was a more 
widely understood language in an area ranging from Middle East to India [14]. 

Syllable pattern of Persian language can be presented as: 

cv(c(c))1 (1) 

This means a syllable in Persian has 2 phonemes at its minimum length (cv) and 4 
phonemes at maximum (cvcc). Also, it should start with a consonant. In contrast, 
syllable pattern of English language can be presented as: 

(c(c(c)))v(c(c(c(c)))) (2) 

As it can be seen minimum syllable length in English is 1 (a single vowel) while 
maximum length is 8 (cccvcccc) [13]. Because words consists of syllables, it seems 
that simple syllable pattern of Persian language makes word boundary detection to be 
simpler in Persian language [15]. 

3   Structure of the Recurrent Fuzzy Neural Network (RFNN) 

Ching-Hung Lee and Ching-Cheng Teng introduced a 4 layered RFNN in [1]. We 
used that network in this paper. Figure 2 illustrates the configuration of the proposed 
RFNN. This network consists of n input variables, nm ×  membership nodes (m-term 
nodes for each input variable), m rule nodes, and p output nodes. Therefore, RFNN 
consists of pmnmn +++ .  nodes, where n denotes number of inputs, m denotes 

the number of rules and p denotes the number of outputs. 

                                                           
1 C indicates consonant, v indicates vowel and parentheses indicate optional elements. 
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Fig. 2. The configuration of the proposed RFNN [1] 

3.1   Layered Operation of the RFNN 

This section presents operation of nodes in each layer. In the following description, 
k
iu  denotes the ith input of a node in the kth layer; k

iO  denotes the ith node output in 

layer k. 

Layer 1: Input Layer: Nodes of this layer are designed to accept input variables. So 
output of these nodes is the same as their input, i.e., 

11
ii uO =  (3) 

Layer 2: Membership Layer: In this layer, each node has two tasks simultaneously. 
First it performs a membership function and second it acts as a unit of memory. The 
Gaussian function is adopted here as a membership function. Thus, we have 
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where ijm  and ijσ  are the center (or mean) and the width (or standard deviation) of 

the Gaussian membership function. The subscript ij indicates the jth term of the ith 

input ix . In addition, the inputs of this layer for discrete time k can be denoted by 

( ) ( ) ( )kOkOku f
ijiij += 12  (5) 

where 

( ) ( ) ijij
f

ij kOkO θ.12 −=  (6) 

and ijθ  denotes the link weight of the feedback unit. It is clear that the input of this 

layer contains the memory terms ( )12 −kOij , which store the past information of the 

network. Each node in this layer has three adjustable parameters: ijm , ijσ , and ijθ . 

Layer 3: Rule Layer: The nodes in this layer are called rule nodes. The following 
AND operation is applied to each rule node to integrate these fan-in values, i.e., 

∏=
j

iji uO 33  (7) 

The output 3
iO  of a rule node represents the “firing strength” of its corresponding 

rule. 

Layer 4: Output Layer: Each node in this layer is called an output linguistic node. 
This layer performs the defuzzification operation. The node output is a linear 
combination of the consequences obtained from each rule. That is 
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where 34
ii Ou =  and 4

ijw  (the link weight) is the output action strength of the jth 

output associated with the ith rule. The 4
ijw  are the tuning factors of this layer. 

3.2   Fuzzy Inference 

A fuzzy inference rule can be proposed as 
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RFNN network tries to implement such rules with its layers. But there is some 
difference! RFNN implements the rules in this way: 
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where ( ) ijijiij kOxu θ.12 −+=  in which ( )12 −kOij  denotes output of second layer 

in previous level and θij denotes the link weight of the feedback unit. That is, the input 

of each membership function is the network input ix  plus the temporal term ijijO θ2 . 

This fuzzy system, with its memory terms (feedback units), can be considered as a 
dynamic fuzzy inference system and the inferred value is given by 
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where ( )ijA
n
ij u

ij
μα 1=∏= . From the above description, it is clear that the RFNN is 

a fuzzy logic system with memory elements. 

4   Learning Algorithm for the Network 

Learning goal is to minimize following cost function: 
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where ( )ky  is the desired output and ( ) ( )kOky 4ˆ =  is the current output for each 

discrete time k. 
Well known error back propagation (EBP) algorithm is used to train the network. 

EBP algorithm can be written briefly as 
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where W represents tuning parameters and η  is the learning rate. As we know, 

tuning parameters of the RFNN are m, σ , θ  and w. By applying the chain rule 
recursively, partial derivation of error with respect to above parameters can be 
calculated. 
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5   Experiments and Results 

As it is mentioned, this paper tries to solve word boundary detection problem. System 
input is phoneme sequence and output is existence of word boundary after current 
phoneme. Because of memory element in RFNN, there is no need to hold previous 
phoneme in its input. So, the input of RFNN is a phoneme in the sequence and the 
output is the existence of boundary after this phoneme. 

We used supervised learning as RFNN learning method. A native speaker of 
Persian language is used to produce a training set to train RFNN. He is supposed to 
determine word boundaries and marked them. The same process was done for test set 
but boundaries were hidden from the system. 

Each of test set and training set consists of about 12000 phonemes from daily 
speeches in library environment. 

As it is mentioned, network input is a phoneme but this phoneme should be 
encoded before any other process. Thus, to encode 29 phonemes [13] in standard 
Persian, three methods for phoneme encoding were used in our experiments. These 
are as follow: 

1. Real coding: In this method, each phoneme mapped to a real number in the range 
[0, 1]. In this case, network input is a real number. 

2. 1-of-the-29 coding: In this method, for each input phoneme we consider 29 inputs 
corresponding to 29 phonemes of Persian. At any time only one of these 29 inputs 
will set to one while others will set to zero. Therefore, in this method, network 
input consists of 29 bits. 

3. Binary coding: In this method, ASCII code of phoneme used for phonetic 
transcription, is transformed to binary and then is fed into network inputs. Since 
only lower half of ASCII characters are used for transcription, 7 bits are sufficient 
for this representation. Thus, in this method network inputs consists of 7 bits. 

Some experiments have been implemented to determine performance of above 
mentioned methods. Table 1 shows some of the results. Obviously, 1-of-the-29 
coding is not only time consuming but also it yields a poor result. When comparing 
binary with real coding, it is shown that although real coding requires less training 
time, it has less performance. It is not the case with binary coding. Therefore, binary 
coding method should be selected for the network. So far, 7 bits for input and 1 bit for 
output has been confirmed, so, to determine complete structure of the network, the 
number of rules has to be determined. 

The results of some experiments with different number of rules and epochs are 
presented in Table 2. The best performance considering training time and mean 
squared error (MSE) is obtained in 60 rules. Although in some cases increasing in rule 
numbers results in a decrease in MSE, this decrease in MSE is not worth network 
complication. However, over train problem should not be neglected. 

Now, the RFNN structure is completely determined: 7 inputs, 60 rules and one 
output. So, the main experiment for determining performance of the RFNN in this 
problem has been done. The RFNN is trained with the training set; then is tested with 
test set. Network determined outputs are compared with oracle determined outputs. 
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Table 1. Training time and MSE error for different number of epochs for each coding method 
(h: hour, m: minute, s: second) 

Encoding method Num. of epochs Training time MSE 
Real 2 3.66 s 0.60876 
Real 20 32.42 s 0.59270 
Real 200 312.61 s 0.58830 
1 / 29 2 22 m 1 
1 / 29 20 1 h, 16 m 1 
Binary 2 11.50 s 0.55689 
Binary 20 102.39 s 0.51020 
Binary 200 17 m 0.46677 
Binary 1000 1 h, 24 m 0.45816 

 

Table 2. Some of experimental results to determine number of fuzzy rules (Training with 100 
and 500 Epochs) 

Number of rules MSE - 100 Epoch MSE - 500 Epoch 
10 0.5452 0.5431 
20 0.5455 0.5449 
30 0.5347 0.5123 
40 0.5339 0.5327 
50 0.4965 0.4957 
55 0.4968 0.4861 
60 0.4883 0.4703 
65 0.5205 0.5078 
70 0.5134 0.4881 
80 0.4971 0.4772 
90 0.5111 0.4918 
100 0.4745 0.4543 
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Fig. 3. Extra boundary (boundary in network output, not in test set), deleted boundary 
(boundary not in network output, but in test set) and average error for different values of α 
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The RFNN output is a real number in the range  [-1, 1]. A hardlim function as follow 
is used to convert its output to a zero-one output. 
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where α is a predefined value and Oi determines ith output of network. Value one for 
Ti means existence of boundary and vice versa. Boundaries for different values of α 
are compared with oracle defined boundaries. Results are presented in Figure 3. It can 
be seen that the best result is produced when α = -0.1 with average error rate 45.95%. 

6   Conclusion 

In this paper a Recurrent Fuzzy Neural Network was used for word boundary 
detection. Three methods are proposed for coding input phoneme: real coding, 1-of-
the-29 coding and binary coding. The best performance in experimental results, were 
achieved when the binary coding had been used to code input. The optimum rules 
number was 60 rules as well.  

Table 3. Comparison of results 

Reference number [3] [8] [9] [10] 
Error rate (Persent) 55.3 23.71 36.60 34 

 
After completing network structure, experimental results showed average error 

45.96% on test set which is an acceptable performance in compare with previous 
works [3, 8, 9, 10]. Table 3 presents error percentage of each reference. As it is seen, 
works on English language ([3]) have higher error than Persian language ([8, 9, 10]). 
Although other Persian works were resulted in lower error rate than ours, but it should 
be noted that there is a basic difference between our approach and the previous works. 
Our work tries to predict word boundary; i.e. it tries to predict boundary given 
previous phonemes while in [8], boundaries is detected given two next phonemes, and 
in [9], given one phoneme before and one phoneme after boundary. Therefore, it 
seems that phonemes after boundary have more information about that boundary 
which will be considered in our future work. 
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