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ABSTRACT 

 

One significant issue in the utilization of artificial neural networks is the long preparing time. The reason for 

this paper is to show the advancement of preparing that happens with the utilization of fuzzy rationale 

controller hypothesis to artificial neural networks. The subsequent fuzzy rationale controlled neural network 

(FRCNN) shows a noteworthy cut in the preparation time frame. A fuzzy rationale system (FLS) is utilized to 

control the learning parameters of neural networks (NN) to diminish the chance of overshooting during the 

learning procedure. Thus, the learning time of the neural network can be abbreviated. This paper looks at the 

preparation effectiveness and precision between a NN and a FLCNN, when they are required to complete a 

similar task. In one application, the preparation time is decreased by 30%. 
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I. INTRODUCTION 

 

Neural networks have been demonstrated to be 

effective at taking care of a wide scope of building 

applications [1]. The utilization of neural networks is 

alluring on the grounds that an answer is acquired by 

permitting the system to "learn" rather than planning 

an answer. A conventional preparing technique is 

required by the neural networks so as to learn.  

 

One administered preparing system, the back-

engendering calculation, has gotten one of the most 

broadly utilized techniques because of its 

straightforward scientific activity. In any case, the 

back-proliferation calculation has a significant 

disadvantage: an extensive stretch of preparing time. 

That is, for some random issue, the system must have 

many tackled models displayed over and again during 

the learning method before the system learns the 

information with a satisfactory level of precision. 

Consequently, the learning stage is an extensive 

procedure. This procedure can be abbreviated by the 

utilization of fuzzy rationale controllers.  

 

Fuzzy rationale controllers have organized numerical 

information that can misuse boisterous or inaccurate 

circumstances [2]. By utilizing a fuzzy rationale 

control framework to adaptively fluctuate the learning 

parameters of the system, the preparation time can be 

diminished fundamentally. The fuzzy rationale 

control framework utilizes "master information" to 

decide the particular change in learning parameters. 

The accompanying areas depict, in detail, how the 

learning procedure is streamlined. Notwithstanding 

the preparation productivity, the neural network 
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despite everything acquires a noteworthy presentation, 

which is prove by the test results 

 

II.  NEURAL NETWORKS 

 

Multilayer feed forward neural network have 

demonstrated their capacities in explaining and taking 

care of a wide scope of issues and applications, and 

these frameworks have defeated impediments of the 

single layer framework. So as to "learn" an answer, a 

preparation procedure must be utilized. One of the 

most famous preparing strategies is back propagation. 

 

III. BACKPROPAGATION TRAINING  

 

In a run of the mill back propagation instructional 

course for a multilayer arrange, the administrator 

presents input information to the system and thinks 

about the system's genuine yield, Operation, to the 

objective (or wanted) yield, Tp: 

 

             E = (Tp – Op)2/2            (1) 

 

This distinction, or blunder, is utilized to change the 

association loads between neurons in the system:  

 

      wj(t + 1) =  (- ∂E/∂wj) + wj(t)   (2) 

 

Right now, arrange gains from the information. When 

prepared, the system interconnection loads are static, 

and testing (new, concealed) information is exhibited 

to the system. With the back propagation calculation, 

neural networks loads are balanced in an inclination 

plunge way, as showed in Figure 1, 

 

 
 

Figure 1 : A neural network converging to a global 

minimum 

 

Which implies the minimization of the blunder 

between the normal yield and the genuine yield for 

specific information? Be that as it may, two significant 

issues exist with this sort of system. To start with, 

slow combination rate and second, the chance of 

subsiding into a neighbourhood least. A conceivably 

enormous number of cycles are required to prepare 

the system until it learns the information with an 

adequate level of exactness. A technique for 

shortening the preparation time is attractive and exists 

as a fuzzy rationale controller in the job of manager. 

 

 

IV. STANDARD TRAINING SHORTCOMINGS 

 

One significant issue with a back-proliferation neural 

network is its moderate combination time [3]. How 

about we picture the accompanying situation in a 3-D 

space. During preparing, a NN is attempting to meet 

to the worldwide least with the briefest way. 

Worldwide least is the greatest presentation that the 

neural network can yield given the size of the system. 

Toward the start of a learning procedure, the system 

adapts quickly, and its estimation of RMS blunder 

diminishes quick. As a rule, the estimation of RMS 

reflects how a neural network is performing, and 

registered by condition (3). The learning procedure 



International Journal of Scientific Research in Science and Technology (www.ijsrst.com) 

K. Ramakrishna Reddy et al. Int J S Res Sci. Tech. 2018 July-August-201; 4(9) : 403-408 

 

 

405 

begins to back off after some point in time, as the NN 

begins overshooting the worldwide least, as delineated 

in Figure 2.RMS error = 

 

op

p k kpkp

nn

xt
2

)(  −
        (3) 

 

At long last, the NN may finish its learning, and 

perhaps take thousands emphases of information 

introductions. 

 

 
Figure 2 : A neural network overshoots a global 

minimum 

 

V. FUZZY LOGIC CONTROLLERS  

 

A fuzzy rationale control framework comprises of 

four segments as appeared in Figure 3 [4]. A 

fuzzifier changes over fresh contributions to fuzzy 

numbers and connects them with participation 

esteem. The fuzzy standard base contains the 

relations between the information and yield, and 

the utilizations of these guidelines are called 

terminating. The derivation motor joins the yield 

everything being equal. Furthermore, the 

defuzzifier changes over the fuzzy numbers back to 

a fresh worth. 

 

There are two reasons that fuzzy rationale control 

frameworks are liked: the unending estimation 

goals, and uncertain etymological depictions. On 

account of the utilization of fuzzy sets and 

semantic factors, there is no constrained goal as it 

does in an ordinary control framework. 

"Constrained effectiveness" on the yield can be the 

outcome brought about by low goals. Semantic 

factors are factors whose qualities are 

communicated in words or sentences. The idea was 

acquainted by Zadeh [5] with give a technique to 

portray a few circumstances that are too mind 

boggling to possibly be characterized with 

traditional quantitative terms. 

 
Figure 3. A general scheme of a Fuzzy Logic 

Controller 

 

A case of the utilization of phonetic factors is 

appeared in Figure 4 [6]. "Slow," "moderate" and 

"quick" comparable to speed, in miles every hour, are 

appeared with their separate classifications and 

participation esteems. Notwithstanding utilizing 

semantic factors, fuzzy rationale control frameworks 

can embody complex info/yield tasks as rules.  

 

 
Figure 4: An example of linguistic variables 
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VI. FUZZY LOGIC CONTROLLED NEURAL 

NETWORK 

 

The execution of fuzzy rationale control framework to 

adaptively decide learning parameters in neural 

networks is talked about right now. The test results 

are exhibited, as well. 

 

Implementation 

A fuzzy rationale control framework to adaptively 

decide learning parameters (for example learning rate 

and energy) in neural networks is the focal point of 

this examination. As proposed by Choi [7], this 

appears differently in relation to standard neural 

networks, in which the learning parameters are fixed. 

The on-line fuzzy rationale controller is used to adjust 

the learning parameters dependent on the RMS 

blunder produced by the neural networks. A 

fundamental design for such an incorporated 

framework is appeared in Figure.4. 

 

The reason for the FLC is to naturally alter the 

learning rate  and energy term as indicated by the 

RMS mistake surface. To portray the blunder surface, 

there are four parameters used to make the principles 

for the FLC. To begin with, the adjustment in mistake 

(CE) depicted as  

 

 CE(t) = error(t) – error(t-1),                            (5) 

Second, the adjustment in CE (CCE): 

CCE = CE(t) – CE(t-1),                             (7) 

Third, the sign change in mistake (SC):  

SC(t) = 1 - || ½[sgn(CE(t-1) + sgn(CE(t))] ||,        (8) 

Furthermore, finally, the total entirety of SC (CSC):  

CSC(t) =                                                        (9) 

Are utilized.  

 

The assortment of rules made (called the standard base) 

mirrors the utilization of these parameters to 

adaptively change the neural network's learning rate 

and energy. To show the thought, two of the fuzzy On 

the off chance that decides that are utilized in the FLC 

are recorded:  

 

RULE 1:  

In the event that CE is little AND CSC is less or 

equivalent to two, At that point the benefit of 

learning parameters ought to be expanded.  

 

RULE 2:  

In the event that CSC is bigger than three, At that 

point the benefit of learning parameters ought to be 

diminished in any case the estimation of CE and CCE. 

 

 
Figure 5: A fuzzy logic controlled neural network. 

 

The standard base can be outlined briefly as a 

choice table. Two of the fuzzy guideline bases 

(choice tables) for the applications talked about in 

segment are demonstrated as follows. Table 1 

depicts the standard base for the adjustment in the 

learning parameter, ∆ , and Table 2 portrays the 

standard base for the adjustment in force, ∆ . In 

these choice tables, the usage of five semantic 

factors has been utilized. In particular, NL speaks 

to a "Negative Enormous" esteem, NS is "Negative 

Little," ZE is zero, PS is "Certain Little," and PL is 

"Sure Huge." 
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TABLE 1: DECISION TABLE FOR ∆, WHEN CSC  2 

 

CE 

CCE 
NL NS ZE PS PL 

NL NS NS NS NS NS 

NS NS ZE PS ZE NS 

ZE ZE PS ZE NS ZE 

PS NS ZE PS ZE NS 

PL NS NS NS NS NS 

 

TABLE 2: DECISION TABLE FOR ∆, WHEN CSC  2. 

 

CE 

CCE 
NL NS ZE PS PL 

NL -0.01 -0.01 0 0 0 

NS -0.01 0 0 0 0 

ZE 0 0.01 0.01 0.01 0 

PS 0 0 0 0 -0.01 

PL 0 0 0 -0.01 -0.01 

 

Application to Letter Recognition 

 

The framework was tried on a great application region, 

letter acknowledgment. The FLCNN indicated a 30% 

normal improvement in preparing time [8]. That is, 

thought about the presentation of a customary neural 

network with various worth learning rate, and energy 

term prepared in the ordinary design, the fuzzy 

rationale controlled framework requires around 2/3 of 

the emphasess (estimated to assembly by a mistake 

limit). Futhermore, the fuzzy rationale controlled 

framework evaluates execution with every emphasis, 

and the exhibition is really improved. In one explicit 

situation when the two frameworks have a learning 

pace of 0.7 and energy term of 0.7, the ordinary NN 

neglects to learn in around 100 cycles as appeared in 

next two figures, while the FLCNN framework can 

keep learning[9]. 

 

 
Figure 6: RMS error of FLCNN vs. NN with  = 0.7 

and  = 0.7 

 
Figure 7: Accuracy of FLCNN vs. NN with  = 0.7 

and  = 0.7 

 

VII. CONCLUSION 

 

This examination showed that the neural 

network's preparation time is decreased drastically 

by utilizing a fuzzy rationale controller to 

adaptively fluctuate the learning parameters. At 

the point when this strategy is applied for the 

letter acknowledgment task, it yields a 92% 

exactness, which is a superior exhibition than the 

initially proposed approach, a Holland-style 

classifier. Also, this method can decrease the 

chance of overshooting and in some cases help the 

system escape a nearby least. The system's capacity 

to join during preparing and the last execution are 
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reliant on the learning parameters. Our 

examination strengthens this reality, as our 

reproductions have shown that an "off-base" 

benefit of learning rate can prompt poor letter 

acknowledgment precision. Besides, the approach 

is convenient, and can be practiced on other neural 

networks applications. 

 

VIII. REFERENCES 

 

[1]. Abduladheem A et al. [2005]: Hybrid wavelet-

network neural /FFT neural phoneme 

recognition. Proceedings of the 2nd 

International Conference on Information 

Technology, Al- Zaytoonah University of 

Jordan. 

[2]. Agarwal KK et al. [2004]:A neural net-based 

approach to test oracle. ACM SIGSOFT, 29, 1-6. 

[3]. Dokur Z et al. [2003]: Classification of 

respiratory sounds by using an artificial neural 

network. International Journal of Pattern 

Recognition and Artificial Intelligence, 4, 567-

580. 

[4]. Downton A et al. [1997]: In progress in 

handwriting recognition. World Scientific, UK. 

[5]. Erik Hjelmas et al. [2001]: Face Detection A 

Survey Department of Informatics. University 

of Oslo, Norway. 

[6]. Farrel K R et al. [1994]:Speaker recognition 

using neural networks and conventional 

classifiers. IEE Trans., on Speech and Audio 

Proc., 194-205. 

[7]. Fok S et al. [2001]: Feature-Based component 

models for virtual prototyping of hydraulic 

systems. The International Journal of Advanced 

Manufacturing Technology, 18, 665-672. 

[8]. Franzini MA et al. [1987]:Speech recognition 

with back propagation. Proceedings of the 

IEEE/Ninth Annual Conference of the 

Engineering in Medicine and Biology Society, 

Boston, MA, 9, 1702-1703. 

[9]. Holt et al. [1990]: Convergence of back 

propagation in neural networks using a log-

likelihood cost function. Electron Letters, 26, 

1964-1965. 

 

 

Cite this Article 

 

K. Ramakrishna Reddy, Prof. B. K Tripathi, Dr. S. K. 

Tyagi, "Augmentation of Training and Performance 

Analysis through Fuzzy-Logic and Neural Network", 

International Journal of Scientific Research in Science 

and Technology (IJSRST), Online ISSN : 2395-602X, 

Print ISSN : 2395-6011, Volume 4 Issue 9, pp. 403-408, 

July-August 2018. 

Journal URL : http://ijsrst.com/IJSRST207485 

 

http://ijsrst.com/IJSRST207485

