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SUMMARY:

Genetic programming (GP) and Regression analysisevegplied to develop predictive modelsfor
turbidity of drinking water in the main water soured Biha’ town,Bosnia and Herzegovina.
Predictive modelswere built based on monthly measents data at the period 2006-2016. Turbidity
measurement was collected based on the followingnpaters:KMnO4 consumption, daily rainfall,
NH4+and period of passed time. All collected data \wspht in to training and testing data sets.
Training data set was used to build models, whit¢ing data set was used to control reliability and
overfitting properties of the models.GP model washed using GPdotNET computer program. The
result of modelling showed very high performance(R85) of all models. Comparison analysis has
shown that regression models are not reliable foedpctionfor such nonlinear process, since
performance parameters have lower values than GPei&dediction for the next 12 months showed
better performance and accuracy for the model bugdthg genetic programming in comparison with
the model given by regression analysis.

1. INTRODUCTION

One of the main quality parameter for drinking waseturbidity. It can be defined as cloudinessof
fluid which is caused by large number of invisilbdethe naked eye particles. Turbidity can be seen
similar as the smoke in the air. We may say thbidity is the key of water quality. Many studied
prove the higher level of turbidity in drinking vestwould cause risk that people can develop
gastrointestinal diseases [1]. High level of tuityidn drinking water can cause problems for
immunocompromised people due to suspended soliggeBd solids can contain various types of
viruses or bacteria and develop disease while comgu this kind of water. To protect people,
governments have set standards for allowable tifiybid drinking water. In Europe, each country
developed its own standard which is based on thegean standards for turbidity ISO 7027-1:2016.
The standard specifies two quantitative methodsgusptical turbidimeters or nephelometers for the
determination of turbidity of drinking water [2]:
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- nephelometry, procedure for measurement of diffaskation, applicable to water of low
turbidity (for example drinking water);
- turbidimetry, procedure for measurement of the nai@ion of a radiant flux, more
applicable to highly turbid waters.
Bosnia and Herzegovina has specific structure d¢fvelnich affect the turbidity, and it was necessary
to develop its own standard. The standard whiclviges all procedures for maintain turbidity in
drinking water is BAS EN ISO 7027:2002 which is shea the mentioned 1SO standard. Usually,
the turbidity is measured in nephelometric turlyidinits (NTU). Different standards define different
allowable levels of NTU. For example,value of talibi in the drinking water is different. INnUSA,
allowable value of turbidity must be less than 5UN[#], while in European standards, the maximum
values must not be more than 4 NTU [3].
The main causes of sudden appearance of turbiditater is connecting with short-term appearance
of rainfall by causing erosion of soil [5]. Howeyeesearchers have shown that turbidity development
is a bit more complex process[6], and mainly depeoflthe soil structure, level of underground
water, and variety of natural and anthropogenitofacand processes. Due to the fact the turbidity i
very important parameter and directly influencee tjuality of drinking water, engineers used
different approach to predict it[7]. In this paptre turbidity modelswere developed based on Geneti
programming method which was approved to be effeatiethod in modelling and predicting water
parameters [7, 11].

2. GENETIC PROGRAMMING

The use of artificial intelligence methods to sobregineering problems was intensified by the rapid
development of information technology at the bemigrof the 1990s of the last century. As hardware
components start to be more powerful every yeathous of artificial intelligence and machine
learning gets more and more powerful. In early @@s first paper about genetic programming
methods published [8]. Since the beginning ger@tigramming was inspired many engineers and
scientist to apply method in different fields.
Genetic programming (GP) evolved as a generalizatio40 years old genetic algorithm (GA). In
GA, chromosomes are representedmostly as binanpersnWith similar analogy, it is possible to
create chromosomes which represent computer pregram potential solution to problem [11].
Chromosomes in GP are represented in the populsitiaped like a hierarchical structure. They are
constructed of primitive functions and terminalet $f primitive functions can be any arithmetic
operations, mathematical functions, Boolean opesatord special functions.Terminal set is also part
of chromosome structure, and it is usually formmednfinput parameters and numerical constants. GP
population, which consists of chromosomes, breadsonsistence with natural principle of survival
of the fittest, through genetic crossover, mutatma reproduction operations adopted to mating of
computer programs.
GP begins with initialization of initial populatioof randomly generated computer programs. Each
computer program (chromosome) in the populaticeviauated by its ability to solve the problem, so
called fitness function. Population is evaluatedcbynputing the fithess value for each chromosome,
which give the ability to select the best possitheomosome in the population. Beside the fithess
function, genetic programming algorithm can be oated with 19 parameters, of which there are 2
basic parameters, 11 secondary parameters andittijg variables that are selected with different
alternative ways of executing the algorithm[8].
Two main parameters are:

- M - population size, and

- G- maximum number of generations.

Secondary parameters, a genetic programming arg ababability value that a certain event occurs,
which can be a specific genetic operation, i.entjtative value indicating the depth of s-expressio
are:
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- pc— the probability of crossover; the recommendddesahould be greater than 90%,

- pr — the probability of reproduction; it is recommeddhat it should be about 20% of the
total population,

- pip—the probability of selection of crossover intefpoint (the functional node). It is
recommended that the value is 90% probability mosle interior point for the crossover,
while the analogous 10% would be the selectiorxtdraal point (terminal node) for the
crossover in relation to the total points of oneoaosome,

- drormed - maximum depth of S-expressions, formed on tteshaf genetic operations of
chromosome crossover or any other secondary gespi@tion (mutation, decimation,
encapsulation, etc.),

- diniia — maximum depth of S-expressions at the formatiahe initial population,

- pm— probability of mutation in the population,

- pp— probability of permutation in the population,

- fea— frequency of decimation applications on the oiosome in the population,

- pen —the probability of encapsulation in the populafi

- Uudc— a condition for the activation of decimation@romosomes,

- pd—the percentage of the decimation in the pomnati

Secondary parameters are included in the algoritpending on the method of GP implementation
and are considered optional.

3. EXPERIMENTAL RESEARCH

In the studyGP was used to build mathematical méateturbidity of drinking water. Samples of
water was taken at Klokot location — the main watgyply source of Bikatown.
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The turbidity of drinking water was measured witlveral input parameters: KMnO4 consumption,
daily rainfall, NH4+ and period of passed time. lgl@@s represent monthly data set which was
collected for the period at 2006-2016.All collectmta was split in to training and testing dats.set

Training data set was used to build amodel, wh#sting data set was used to validate
themodeloverfitting and prediction of turbidity ftre next 6 months. In order toevaluate the model,
nonlinear regression analysis was performed onstmae data, and regression coefficients were
calculated for several regression models. Furthezmbwas performed model evaluation in order to

Figure 1. Klokot spring location
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get how the model determined with genetic programgnis better than regression models of any
level. GPdotNET [9] computer program was used foodeling and determination ofGP
model.Wolfram Mathematica [10] was used to getesgion models and comparison analysis. The
following graph shows measured data:

Turbidity mesurements (2006-2016)

i

Feb-06 17-Tun-07 29-Oct-08 13-Mar-10 26-Tul-11 7-Dec-12 21-Apr-14 3-Zep-15 15-Tan-17
Figure 2: Turbidity of drinking water mesured abKoét spring

Figure 2 shows turbidity values measured from 2006016 with respect to input parameters
KMnO4 consumption, Daily Rainfall, NH4+ and periodpassed time.

3.1 Building GP model for turbidity of drinking water
GPdotNETis used in order to get GP model of tuthidDuring modelling the following GP
parameters were used:

- Function sef = {+, —.=,/.1/x, tanhl,

- Terminal setT = {X1,X2 X3 k4 & where; — input parameters, - set of random

constants.
- M= 1000
- & =500,

T Pe= 95 pm = 20%p- = 10%dpiig = 5!d:_,r'nrmsd = 8

Before the searching process is started, trainingtesting data must be loaded, GP parameters are
set and termination criteria was setup to 500 gaimrs (iterations). At the beginning of the
searching process, several different configuratisese applied in order to get the best possible
combination of all GP parameters. The time exeoutibthe searching process in GP depends on the
complexity of the process and the accuracy to héeaed. When a satisfactory mathematical model
is acquired, post-processing of the results is ledatwhere the mathematical model is exported to
other programs for the evaluation and comparisdh wther results. GP model of turbidity is given in
analytical form in the following expression.

V(% X3, %5, %) = 1.29+ 15.39 (D.:LD?+ (D.155 (—0.51 +x,) + 0.007 2,25 (—0.015 +

0.029 1y +x,)3/0.476 +0.062 x, — 4.573 xf ]Tan (2.207 14";‘],
1)

wherezx,; - KMnO4 consumption,. - Daily Rainfall, x;- NH4 andx, - period of passed time.

Calculated turbidity values are shown on the Figure
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Turbidity calculated by GP Model
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Figure 3: Turbidity of drinking water mesered abkdt spring

In order to evaluate given GP model, it is alsoali@yed 5 different regression models with different
kind of polynomial degree, and interactions of jctmts. The following table shows calculated
performance parameters of the GP model and 5 egresiodels.

Table 1: Comparison analysis of GP model and 5efiferegression models

NR Models RMSE RSE SE R R?
1 GP Mode 0.86¢ 14.73: 217.02. 0.72¢ 0.85(C
2 RM1 0.92¢ 15.75! 248.16° 0.68: 0.82¢
3 RM2 1.02( 17.30¢ 299.40: 0.617 0.78¢
4 RMs 0.83¢ 14.21¢ 202.15¢ 0.741 0.861
5 RM4 0.80(¢ 13.58( 184.41¢ 0.76¢ 0.87¢
6 RMs 0.692 11.74: 137.86° 0.82¢ 0.90¢

The following table shows performance criteria tiessting data setwhich can show if the GP model is
overfitted.

Table 2: Prediction analysis of GP model and 5rdiferegression models

NR Models RMSE RSE SE R R"2

1 GP Modédl 0.395 0.967 0.935 0.059 0.243
2 RMz 0.377 0.92¢ 0.852 0.11: 0.33¢
3 RM2 0.507 1.24] 1.54( 0.001 0.02¢
4 RMs 0.45¢ 1.11; 1.24¢ 0.001

5 RM4 0.63: 1.561 2.43¢ 0.03¢

6 RMs 0.63¢ 1.55¢ 2.42¢ 0.052

From the Table 2 we can see that RRMs and RM have negative correlation which indicates no
relation between calculated values and values fraiming data set. On the other hand, GP Model
has the best value for most of the performanceréait
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4. SUMMARY

The paper shows development of genetic programmingdel for turbidity prediction in drinking
water. Turbidity was measured from Klokotspring tinain water supply source of Bihac town.
Turbidity in water from Klokot spring is affecteq Imany factors, mainly by the structure of the soil
and groundwater around the spring. Turbidity mezmants is collected in period from 2006 to 2016.
Based on the collected data the GP model of tusbiditdeveloped based on several predictors
mentioned in the paper. For comparison analysigraé classic regression models for turbidity are
developed with the same predictors. Since the ditybivalues show nonlinear dependency and
correlation to the predictors the 5 different resgien models are developed in order to be compared
with GP model. The analysis was shown that modétut@ted using GP method has better
performance in comparison of models calculated @ylinear regression analysis. As can be seen
from the comparison analysis presented in tablasdl2, for nearly same performance criteria of the
models, GP model gives better prediction and lessfitting. One of the main constrain for the
regression models is predefined polynomial formisTheans the polynomial form must be known
before the modelling process started. This inclutdesnumber of regression coefficients, and the
degree of the polynomial. On the other hand,GP tsdu®ve no constrains in “shape”, as well as in
degree. Moreover, GP Models can contains any fonctiom the function set, as well as any
combination of the functions and terminals, whielads the model can be highly nonlinear, and
calculate better result than any regression models.
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