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ABSTRACT

Theteaching-learning-basedoptimization(TLBO)algorithmhasbeenappliedtomanyoptimization
problems,butitstheoreticalbasisisrelativelyweak,itscontrolparametersaredifficulttochoose,
and it converges slowly in the late period and makes it too early tomature. To overcome these
shortcomings,thisarticleproposesadual-populationco-evolutionteachingandlearningoptimization
algorithm(DPCETLBO)inwhichadaptivelearningfactorsandamulti-parentnon-convexhybrid
elitestrategyareintroducedforapopulationwithhighfitnessvaluestoimprovetheconvergence
speedofthealgorithm,whileanopposition-basedlearningalgorithmwithpolarizationisintroduced
forapopulationwithlowerfitnessvaluestoimprovetheglobalsearchabilityofthealgorithm.Ina
proportionintegrationdifferentiation(PID)parameteroptimizationexperiment,thesimulationresults
indicatethattheconvergenceoftheDPCETLBOalgorithmisfastandprecise,anditsglobalsearch
abilityissuperiortothoseoftheTLBO,ETLBOandPSOalgorithms.
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INTRODUCTION

TheTeaching-Learning-BasedOptimization(TLBO)algorithmwasfirstproposedbyRaoetal.in
2011andisanewintelligentoptimizationalgorithm1.TheTLBOalgorithmisinspiredbyeducational
activitiesinpeople’slives.Totrytosimulatethe“teaching”and“learning”processesineducational
activities, the TLBO algorithm performs individual evolution in two “teaching” and “learning”
stages.TheTLBOalgorithmhasasimpledesignwithfewparametersandiseasytoimplement.It
achieveshighspeed,highprecisionandstrongconvergencecapability.Inthefewshortyearssince
theTLBOalgorithmwasputforward,scholars,suchasRao2,haveconducteda largeamountof
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performanceimprovementresearch.Undoubtedly,thisresearchpromotedtherapiddevelopmentof
theTLBOalgorithm.

TheTLBOalgorithmhasbeenwidelyused inheatexchangers, thermoelectric refrigerators,
mechanical design, reactive power distribution networks, and continuous large-scale nonlinear
optimization. It showsstrong local searchabilityandconvergenceperformance in thesespecific
applicationsbecauseofitssuperiorperformance.TheTLBOalgorithmhasbecomeanareaofinterest
inthefieldofintelligentoptimizationalgorithms2.

However, due to the short development history of the TLBO algorithm, there are many
aspectsthatrequirefurtherresearch.Forexample,thetheoreticalfoundationisrelativelyweak,
thecontrolparametersaredifficulttochoose,andtheconvergenceinthelateperiodisslowand
premature3,4.ThispaperpresentssomeresearchontheimprovementoftheTLBOalgorithmand
introducesthedual-populationco-evolutionmodelfortheimprovementoftheTLBOalgorithm.
Theconvergencespeedofthealgorithmisimprovedbyintroducingadaptivelearningfactorsand
amulti-parentnon-convexhybridelitestrategy.Areverselearningalgorithmwithpolarization
is introduced to improve the global search capability of the algorithm. In this paper, the
improveddual-populationco-evolutionTLBO(DPCETLBO)algorithmisappliedtoproportion
integrationdifferentiation(PID)controlparameteroptimization.Theexperimentshowsthatthe
DPCETLBOalgorithmcaneffectivelysolvetheproblemofPIDparameteroptimizationwith
superiorperformancecomparedtootheralgorithms.

TeACHING-LeARNING-BASeD OPTIMIZATION ALGORITHM

Basic Principles of Teaching-Learning-Based Optimization Algorithm
TheTLBOalgorithmconsistsof twomainstages:“teaching”and“learning”. In the firstphase,
teachersteachthestudentsandagoodteachercancontributetostudents’overallachievement.Inthe
secondphase,eachstudentrandomlyselectsanotherstudentintheclassfromwhomtolearn,with
thegoalofimprovinghisorheracademicperformance.

TheoptimizationproblemisdefinedinFormula(1):

Z f x
XeS

= max ( )  (1)

where X x x x
d

= ( , ,..., )
1 2

 istheindependentvariable,whichrepresentsanindividualin
thepopulation,namely,onestudent; x

i
isthedecisionvariable,namely,thecourse;d

isthedimension;S X x x x i d
i
L

i i
U= ≤ ≤ ={ | , , ,..., }1 2 isthepopulation,namely,theclass;

f x( ) isthetargetfunction;andX f X
i
= argmax ( ) isthebeststudentintheclass,namely,

theteacher.
Assuming the size of the population is NP, a class can be represented by the

followingFormula(2):

X

X

X

f x

f x

f x

X X X

X

NP NP

d
1

2

1

2
1
1

2
1 1

1

� �

�( )

( )

( )



























=
22

2
2 2

1 2

1

2X X

X X X

f X

f X

f X

d

NP NP
d
NP NP

�

� � �

�

�

( )

( )

( )



























 (2)



 

 

15 more pages are available in the full version of this

document, which may be purchased using the "Add to Cart"

button on the publisher's webpage: www.igi-

global.com/article/improved-teaching-learning-based-

optimization-algorithm-and-its-application-in-pid-parameter-

optimization/226936

Related Content

Interactive Classification Using a Granule Network
Yan Zhaoand Yiyu Yao (2009). Novel Approaches in Cognitive Informatics and

Natural Intelligence (pp. 235-245).

www.irma-international.org/chapter/interactive-classification-using-granule-network/27311

Optimization in Mental Configuration Space: The Case of Pointing Behavior
Huahai Yang (2012). Cognitively Informed Intelligent Interfaces: Systems Design and

Development  (pp. 140-155).

www.irma-international.org/chapter/optimization-mental-configuration-space/66272

Role-Based Human-Computer Interactions
Haibin Zhuand Ming Hou (2013). Cognitive Informatics for Revealing Human

Cognition: Knowledge Manipulations in Natural Intelligence  (pp. 35-53).

www.irma-international.org/chapter/role-based-human-computer-interactions/72281

A Computational Cognitive Model of the Brain
Zhiwei Shi, Hong Huand Zhongzhi Shi (2008). International Journal of Cognitive

Informatics and Natural Intelligence (pp. 85-99).

www.irma-international.org/article/computational-cognitive-model-brain/1577

Efficient Traffic Sign Recognition Using CLAHE-Based Image Enhancement

and ResNet CNN Architectures
Utkarsh Dubeyand Rahul Kumar Chaurasiya (2021). International Journal of

Cognitive Informatics and Natural Intelligence (pp. 1-19).

www.irma-international.org/article/efficient-traffic-sign-recognition-using-clahe-based-image-

enhancement-and-resnet-cnn-architectures/295811

http://www.igi-global.com/article/improved-teaching-learning-based-optimization-algorithm-and-its-application-in-pid-parameter-optimization/226936
http://www.igi-global.com/article/improved-teaching-learning-based-optimization-algorithm-and-its-application-in-pid-parameter-optimization/226936
http://www.igi-global.com/article/improved-teaching-learning-based-optimization-algorithm-and-its-application-in-pid-parameter-optimization/226936
http://www.igi-global.com/article/improved-teaching-learning-based-optimization-algorithm-and-its-application-in-pid-parameter-optimization/226936
http://www.irma-international.org/chapter/interactive-classification-using-granule-network/27311
http://www.irma-international.org/chapter/optimization-mental-configuration-space/66272
http://www.irma-international.org/chapter/role-based-human-computer-interactions/72281
http://www.irma-international.org/article/computational-cognitive-model-brain/1577
http://www.irma-international.org/article/efficient-traffic-sign-recognition-using-clahe-based-image-enhancement-and-resnet-cnn-architectures/295811
http://www.irma-international.org/article/efficient-traffic-sign-recognition-using-clahe-based-image-enhancement-and-resnet-cnn-architectures/295811

