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A modified teaching-learning-based optimization algorithm

and application in neural networks

TUO Shouheng
(School of Mathematics and Computer Science, Shaanxi University of Technology, Hanzhong 723001, China)

Abstract; In order to improve the output accuracy of back propagation neural network, a modified teaching-learn-

ing-based optimization (MTLBO) algorithm is proposed to train the weight and threshold value of neural network. In
the MTLBO method, the “Teaching” phase and “Learning” phase were modified on the basis of TLBO algorithm,

and a new “Self-Learning” mechanism was proposed to intensify global searching ability. Finally, the function fit-

ting experiment and the tractor gearbox diagnosis experiment were used to test the performance of the proposed algo-

rithm. Simulations show that this algorithm has a better convergence, prediction accuracy and robustness compared

to the genetic algorithm (GA) and the basic teaching-learning-based optimization (TLBO) algorithm.

Keywords : modified teaching-learning-based optimization algorithm; “self-learning” mechanism; neural network ;

function fitting; gearbox fault diagnosis
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Table 1 The test results of three algorithms ( GA, TLBO
and MTLBO) for function Schwefel 2.26

ZH GA TLBO MTLBO
Best 41507.39 16 347.970  0.001 590
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Fig. The mean convergence curve of three algorithms
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Table 3 The function fitting error of three algorithms on

function Griewank

Bk MR iR EE INGREEA B iR 2

GA 1.168 20 1.160 9
TLBO 0.241 06 1.690 9
MTLBO 0.173 36 1.185 6
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Fig.4 The function fitting curve comparison of three

algorithms on function Griewank
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Table 4 The test results of three algorithms on the tractor

1 N d ) )
Errors = norm(Y — T _test) = NZ 2(‘9{ -i).
J

gearbox diagnosis experiment

A WAEARZE NGREAIRZE TRINER % %

GA 0.006 167 1 0.015 546 99
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Fig.5 The neural network error curve of three algo-

rithms on the tractor gearbox diagnosis experi-

ment
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