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It is dicult to predict the dynamics of systems which are nonlinear and whose char-
acteristic is unknown. In order to build a model of the system from input and output
data without any knowledge about the system, we try automatically to build prediction
model by Genetic Programming (GP).

GP has been used to discover the function that describesnonlinear system to study
the e ect of wavelength and temperature on the refractiv e index of the b er core. The
predicted distribution from the GP based model is compared with the experimental
data. The discovered function of the GP model has proved to be an excellent match to
the experimental data.

Keywor ds: Genetic programming; refractiv e index; temp erature; wavelength; nonlinear.

1. Intro duction

Most systemsin the real world are essetially nonlinear and time-dependert.* We
are sometimesrequired to deal with systemswhoseinput and output are known but
the medhanism s unknown. Arti cial Neural Networks (ANN) and polynomials are
two methods for global modeling.? But both cannot give simple and elegart model
represenations. Esserially speaking, they are more appropriate to be regression
and approading tools than modeling tools. They are less powerful in revealing
the system dynamic laws and are dicult to integrate with the pre-discorered
knowledge on nonlinear systems’

This paper preserts a genetic programming (GP) model which has been one
of researd interest in modeling high energy physicsand in automated re-invention
of six patented optical lens systems®! As well, GP’ have succeededn the eld of
automatic de ne function.? Oakley used GP to ewlve equationsto t the chaotic
time seriesproduced by Mackey-Glassequations? Iba, Kurita, de Garis and Sato
used GP for systemidenti cation problems?

As in Ref. 10, researterstry to obtain the refractive index of the core of the
b er as a function of wavelengths at dierent temperature T but they cannot
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Table 1. The tting parameters of the Sellmeier equation for the core
at dieren t room temperatures (E = 100 m?2).

Temp. C A B C D
20 1.331522 0.827246 0.011065 0.999995
25 1.329672 0.829166 0.011049 0.985995
29 1.328192 0.830559 0.011037 0.974795
34 1.326342 0.832615 0.011021 0.960795
40 1.324122 0.834929 0.011003 0.943995

achieve a function which depends on wavelengths and temperatures. Making use
of the capability of GP, the presert work usesGP to model the refractive index
as a function of wavelength and temperature. GP is fed with wavelengths and
temperature while the output is the refractive index.

The following sections provide a brief introduction to the two-pole Sellmeier
dispersion formula, GP, describe the selectedGP structure and discussthe results.

2. Two-Pole Sellmeier Disp ersion Form ula

An accurate dispersion formula (nd the refractive index n) that can be applied
over a wide range of wavelengths is the two-pole Sellmeierdispersion formula in
the form®
B D

1 (C=3 1 (E=9 @)

is the wavelengthmeasuredin micrometers.HereA, B, C, D, and E arecalledthe
dispersion parametersof the b er corematerials (E doesnot depend on wavelength
or temperature).

In Ref. 10, they applied the two-pole Sellmeier dispersion formula to the core
of the b er at dierent room temperatures asin Table 1. My proposalis to nd
a function which represers the refractive index n(; T) depending on wavelengths
and temperature. The function should prove to be a better match for experimental
data (i.e., lessthan the experimental error of 0.001).

n()=A+

3. Mo deling by GP
3.1. Model building

It is easyto build a prediction model using GP becauset has many advantages:to
handle mathematical modelling is easy special knowledgeis not neededto search
a solution and it can cope with the change of various conditions.

GP handlestree-structured chromosomethat represens a mathematical model
of the system, seeFig. 1. Nodesinvolved in the tree-structured chromosomebelong
to two categories: one involves input data (leaves), the other involves operators
(+; ; ;In;In2; cos sin) (inner nodesof the tree).
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Fig. 1. Experimental and trained refractiv e index dispersion formula of the core of the b er.

3.2. Procedure of GP

GP{ 7 ewlvesfrom a population of computer programs, which are possible solu-
tions to a given optimization problem, using the Darwinian principle of survival of
the ttest. It usesbiologically inspired operations like reproduction, crosswer and
mutation. Each program or individual of the population is generallyrepresened asa
tree composedof functions and data/terminals appropriate to the problem domain.
The input set of functions and terminals have to satisfy the closureand su ciency
properties. The su ciency closure property requiresthat the set of functions and
the set of terminals are able to expresssolution of problems. The function set
may include standard arithmetic operators, logical operators, mathematical func-
tions and speci ¢ functions. The terminal set usually consistsof feature variables
and constarts. Each individual in the population is assigneda tness value, which
quanti es how well it performs in the problem ervironment. The tness value is
computed by a problem dependert tness function.
A typical implementation of GP involvesthe following steps.

(1) GP beginswith a randomly generatedpopulation of solutions of size.

(2) A tness value is assignedto ead solution of the populations.

(3) A geneticoperator is selectedprobabilistically as follows:
Casei If it is the reproduction operator, then an individual is selected (we
use tness proportion-based selection) from the current population and it is
copiedinto the new population. Reproduction replicatesthe principle of natural
selectionand survival of the ttest.
Caseii If it is the crosswer operator, then two individuals are selected.We use
tournament selection where a number of individuals is taken randomly from
the current population, and out of these, the best two individuals (in terms
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of tness value) are chosenfor the crosswer operation. Then, we randomly
selecta sub tree from ead of the selectedindividuals and interchange these
two subtrees.The two o springs are included in the new population. Crossorer
plays an essetial role in the evolutionary process.
Caseiii if the selected operator is mutation, then a solution is (randomly)
selected.Now, a subtree of the selectedindividual is randomly selectedand
replacedby a newrandomly generatedsubtree. This mutated solution is allowed
to survive in the new population. Mutation maintains diversity.

(4) Continue step 3, until the new population gets solutions. This completesone
generation.

(5) If GP has not yet corverged, steps 2{4 are repeated till a desired solution
(maybe 100%correct solution) is achieved. Otherwise, terminate the GP oper-
ation after a prede ned number of generations.

3.3. The proposed genetic programming

The author's approad is to usethe experimental datal® (wavelengths and tem-
perature T) to produce the refractive index for ead case.The wavelengths and
temperature T are used as input variablesto nd the suitable function that can
describe the experimertal data.

The tness function is calculated as a negative value of the total absolute per-
formanceerror of the discoveredfunction on the experimental data set, i.e., a lower
error must correspond to a higher tness. The total performanceerror can be de-

E= jX; Yj? 2)

where X; represens the experimental data for element j and Y; represens the
calculated data for elemer j . The running processstopswhenthe error E is reduced
to an acceptablelevel (0.00001).

4. Results

Our represenation GP wasrun for 500generationswith a maximum population size
of 900. The operators (and selectionprobabilit y) were:crosswerwith probability 0.8
and mutation with probability 0.01. The function setis (+; ; ;=;In;log,; sin; co9,
and the terminal setis (random constancy from 0 to 10, , T). the \full" initial-
isation method was used with an initial maximum depth of 27, and tournament
selectionwith a tournament sizeof 8.

Inputs training data are the wavelengths = 300{700 nm, and temperature
T = 20, 25, 29, 34 in C. Each refractive index n corresponds to certain wave-
lengths at dierent temperature T. The discovered function (in the Appendix)
has beentrained to assa@iate the input patterns to the target output patterns for
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Fig. 2. Experimental and trained refractiv e index dispersion formula of the core of the b er.
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Fig. 3. Experimental and predicted refractiv e index dispersion formula of the core of the b er.

1 the above wavelengths.Figure 2 illustrates the experimental and trained refractive

index. After running the GP, the discovered function has been used to predict
3 the refractive index, correspondingto T = 40 C with the same

5 5. Conclusions

= 300{700 nm.
Figure 3 illustrates the experimental data and predicts the refractive index.

Genetic programming has beenrun to model the dispersion formula depending on
7 the temperature. GP discovereda function which represers the dispersionformula
at dierent temperatures. The discovered function shows an excellert match to
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the experimental data. Moreover, the discovered function is capable of predicting
experimental data for dispersion formula that are not usedin the training session.
Finally, we concludethat GP have becomeone of the important researh areasin
the eld of optics.

App endix

(+(In(sin(In ( (=(log(+( =(=(In(In ( )); 10);In(0:72349)), ));

log, (=(log,( );  (=(logx(+( =(=(In(In ( (log,( );10))); 10); In(0:72349))
)):10g,(=(log,( );10))); 10)))); 10)))); (cos(cogsin(=(log,(+
(=(=(In(In ( )); 10); In(sin(In ( (=(logx(+( =(=(In(In ( )); 10);
In(0:72349)) ));log,(=(logy( );  (=(logx(+( =(=(In(In ( (log,( );
10))); 10);In(0:72349)), ));log,(=(log,( );10)));10)))); 10))))); ));
10)))); In( (log,(0:85892) sin(0:72349))))); =(T; ( (; 0:67269) T))).
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