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Abstract

Artificial intelligence (Al) techniques have been successfully performed in many different
water resources applications such as rainfall-runoff, precipitation, evaporation, discharge (Q),
dissolved oxygen (DO), chemical oxygen demand (COD), biological oxygen demand (BOD),
sediment concentration and lake levels by many researchers over the last three decades. In this
study, three different adaptive neuro-fuzzy inference system (ANFIS) techniques, ANFIS with
fuzzy clustering (ANFIS-FCM), ANFIS with grid partition (ANFIS-GP) and ANFIS with
subtractive clustering (ANFIS-SC), were developed to estimate COD concentration by using
various combinations of daily input important variables water suspended solids (SS), discharge
(Q), temperature (T) and pH. Root mean square error (RMSE), mean absolute error (MAE) and
determination coefficient (R?) statistics were used for the comparison criteria. Training, testing
and validation phase’s results of the optimal ANFIS models were also graphically compared
each other. Comparison of the results indicated that the ANFIS-SC(1,0.3,1) model whose input
is water SS was found to be dightly better than the other models in estimation of COD
according to the comparison criteriain testing phase. In the validation phase, however, ANFIS-
FCM(1,3,gauss,1) model performed dightly better than ANFIS-GP(3,trimf,constant,1) and
ANFIS-SC(1,0.3,1) models. It can be said that three different ANFIS techniques provide similar
accuracy in estimating COD.

I ntroduction

Analysis of water quality is required to be evaluated according to the national or
international standards [1-4] and it should be considered physical, chemical, biological and
heavy metals parameters of water [5-9] according to the using purposes as well. These
parameters are water pH, DO, eectrical conductivity (EC), temperature (T), biological oxygen
demand (BODs), COD, chloride, total phosphate, nitrite, nitrate, ammonia, ions, heavy metals,
total salt concentration, fecal, coliform, and so on. For instance, BODs is measure of the amount
of biochemical degradable organic matter presented in a water sample. Temperature affects the
density of water, the solubility of constituents, pH, specific conductance, the rate of the chemical
reactions, and biological activity in water. The other important parameter, the pH value, is
controlled by interrelated chemical reactions that produce or consume hydrogen ions [5-6]. The
pH of a solution is a measure of the effective hydrogen-ion concentration. COD is a measure of
the oxygen equivalent of the organic matter in awater sample that is susceptible to oxidation by
astrong chemical oxidant, such as dichromate. EC is the measure of electric conductance ability.
This parameter is a direct indicator of the ion content (dissolved salts) in the water. Turbidity is
often expressed as total suspended solids (TSS), and TSS can adversely affect stream
ecosystems by limiting the light penetration and transparency critical aguatic flora. Water bodies
have high transparency values typically have good water quality. DO isimportant for the healthy
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functioning of aquatic ecosystems. Fecal coliform is a bacteriological parameter of water and is
used as an indicator of the sanitary quality of the water. Also COD, TSS, Q, BODs and pH
parameters are very important to determine system types and volume of a treatment plant [10-
14].

Al techniques have been performed water resources especialy in non-linear problems
and these techniques can be considered as an aternative method in modelling water parameters.
For instance, Al techniques have been studied by many researchers in modelling rainfall-runoff,
precipitation, evaporation, discharge, DO, BODs and COD concentration, depth integrated DO,
sediment concentration and lake levels [15-32] over the last three decades. For instance, Lee et
al. [33] developed a fuzzy system to determine stream water quality. Dahiya et al. [34]
investigated the application of fuzzy set theory for decision-making in the assessment of physic-
chemical quality of groundwater for drinking purposes. Application of fuzzy rule based
optimization model was illustrated with 42 groundwater samples collected from the 15 villages
of Ateli block of southern Haryana, India. Altunkaynak et al. [35] used the historical records of
monthly DO, and they modelled DO fluctuations in Golden Horn in Turkey by using Takagi-
Sugeno [41] fuzzy logic approach. And, there are also some studies for wastewater treatment
plant (WWTP) to model water parameters such as COD, BOD, TSS etc. For instance, Oliveira-
Esquerre et a. [36] investigated to model the water BOD in the output stream of a loca
biological WWTP for the pulp and paper industry in Brazil. Hamed et al. [37] enhanced to
estimate the performance ANN models using water BOD, COD and SS collected from a
conventional treatment plant in Cairo, Egypt. Mjalli et al. [38] investigated and modelled water
BOD, COD and TSS parameters of the Doha West WWTP, State of Qatar by using neural
network modelling method. They used these parameters as an input or output variables for the
ANNs model structures. Data that they used in models is one-year period. And, measurements
were taken for every 5-day. Akratos et al. [39] tried to model BOD and COD removals in five
similar pilot-scale horizontal subsurface flow constructed wetlands, and the data used is the two-
year period. Kotti et a. [40] developed the fuzzy logic-based method to assess organic matter
(BOD and COD concentration) removal efficiency by using 1600 experimental data collected in
a2-year period in five pilot-scale free water surface constructed wetlands.

The main objective of this paper is to analyze and model COD concentration by ANFIS
modelling techniques, ANFIS-GP, ANFIS-SC and ANFIS-FCM. Water SS, temperature, pH, Q
and COD data from WWTP, at Adapazari province, in Turkey are used in this application. In
this context, performances of methods are compared with each other by using statistical criteria.
Within the concept of this study, the basic information related study area are presented in the
Chapter 2; ANFIS techniques are summarized in the Chapter 3; results of the models are
discussed in the Chapter 4; and conclusions are reveaed in the Chapter 5.

Materials

Daily measured water SS, T, pH, Q and COD in the upstream of the Adapazari Municipal
WWTP located in Marmara region of Turkey are used in this study. Data covers the period
between January 2004 and December 2006. The coordinates of the treatment plant are Latitude
40°50'54.24" and Longitude 30°19'40.02". Marmara region has many industrial enterprises and
is the most important region of Turkey in terms of population, exporting, importing and
marketing systems. Capacity of treatment plant is 198800 m*/day and 271941 m®day for dry
and wet weather, respectively. It is thought that approximately 932 m*/day at full capacity 30%
sludge cake will be obtained. The incoming wastewater organic pollution (BOD) is
approximately 225 mg/L after treatment and discharge limit values of the output values of 30
mg/L occur at low levels in downstream of plant [42]. Downstream waters of treatment plant
have been discharged to Cark Creek which is near to treatment plant. Cark Creek aso flows to

478



2" |nternational Balkans Conference on Challenges of Civil Engineering, BCCCE, 23-25 May 2013, Epoka University, Tirana, Albania

Black Sea, North of the Turkey. Before this treatment plant was built in 2003, there were many
fish dead, agricultural degeneration in this region owing to pollutions.

M ethodology

ANFIS techniques, explained in the following chapter, is used to model COD
concentration for this treatment plant. It is also used both to determine the accuracy of methods
and to model COD as an alternative approach for this process because determination of COD
concentration in laboratory is difficult work. For that, it is meaningfully considered that water
parameters pH, T, SS and Q are both statistically and physically and chemicaly, and the
correlation coefficients of them are also calculated with COD. And then, the most critical water
parameters pH, T, SS and Q were chosen to form models.

Adaptive neuro-fuzzy inference system (ANFIS)

Technically, this method works similar to the neural networks, and it provides a method
for the fuzzy modelling procedure to learn information about a data set. And, this method
consists of fuzzy logic (FL) approach as well (in MATLAB). FL [43] is the comprehensive
version of classical logic. The basic difference between classical logic and FL is that classical
logic gives an output as either 0 or 1 but FL can give a continuous output. FL [43-45] system
models a system with the help of afuzzy rule or rules. Fuzzy rules are the expressions that state
the relationship between the system’s inputs and outputs depending on the linguistic variables
and in the form of if-then statements. ANFIS technique [46] is aso a network structure
consisting of a number of nodes connected through directional links. Each node has a node
function with adjustable or fixed parameters. Learning or training phase of network is a process
to determine parameter value to sufficiently fit the training data. In addition, ANFIS method
divides into 2 methods to generate FIS: grid partition and subtractive clustering method. ANFIS-
GP is the mgor training routine for Sugeno-type fuzzy inference systems. It uses a hybrid
learning algorithm to identify parameters of Sugeno-type fuzzy inference systems. It applies a
combination of the least-squares method and the back propagation gradient descent method for
training FIS membership function parameters to emulate a given training data set. It can also be
invoked using an optional argument for model validation. The type of model validation that
takes place with this option is a checking for model overfitting, and the argument is a data set
called the checking data set. ANFIS-SC method is if you do not have a clear idea how many
clusters there should be for a given set of data, SC is a fast, one-pass agorithm for estimating
the number of clusters and the cluster centres in a set of data. The cluster estimates, which are
obtained from the subclust function, can be used to initidize iterative optimization-based
clustering methods and model identification methods (like ANFIS). The subclust function finds
the clusters by using the SC method. The genfis2 function builds upon the subclust function to
provide a fast, one-pass method to take input-output training data and generate a Sugeno-type
FIS that models the data behaviour [41 and 45]. The other method ANFIS-FCM is integration
with fuzzy c-means (FCM) algorithm (genfis3 function in MATLAB). ANFIS-FCM is a method
which can cluster data based on ANFIS method. The combined method consists of the FCM
(fuzzy c-means) clustering agorithm and ANFIS method. In the first step, data are clustered by
FCM algorithm and then ANFIS method is applied on the clustered data[43-50].
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Figure 1 Schematic flow of the fuzzy inference system (FIS)

Each ANFIS method has training, testing and validation phases for this problem (Figure
1). In Figure 1, formed as a code file in the MATLAB program and designed user friendly,
model inputs phase consists of data of problem, and all these data go to fuzzification phase of
system. Then, all parameters data are fuzzificated by using triangular, gauss, trapezoidal,
sigmoid etc. membership functions between 0 and 1 degree according to type of problem. Then,
optimum rule based is determined either by user or the method used. All systems come to fuzzy
inference system (FIS) step. The last defuzzification phase is also step where fuzzy numbers are
converted to the real numbers. And then, model’s results were compared with the measured data
for testing and validation data set by using both statistical definitions and graphically. Generally,
it is used three data sets to solve for any a problem. These sets are training set which is used to
train for the model, testing and validation sets which are used to calibrate for the model (Figure
1).

Results and discussions

In this study, the MATLAB Neura Network Toolbox was used for the
implementation of the ANFIS methods. All of the functions and the require operators were
written as acode filein MATLAB. Tota 64 different models were evaluated for the ANFIS-SC
technique to find the optimal model according to the input combinations, membership functions,
epochs, spread coefficient (from 0.1 to 1). In the same way, 64 different models were aso
evaluated to find out the best ANFIS-GP model for various combinations. The other method
ANFIS-FCM is dso integration with FCM agorithm (genfis3 function). ANFIS-FCM is a
method which can cluster data based on ANFIS method. The silhouette plot method is used in
MATLAB Statistical Toolbox to find the optimum number of clusters. And, it is found 3-cluster
for the training data set (Table 1) according to the most effective parameter water SS. RM SE,

MAE and R? formulas were evaluated performances of all the model’s results. Basically,
the best model can be identified that RMSE and MAE should be minimal, and R* should be
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close to 1. Results of the validation phase of the models are also graphically compared in Figure
2 intheform of time series and scatter plots.

Table 1 RMSE, MAE and R? statistics of the ANFIS-GP, ANFIS-SC and ANFIS-FCM
models in training, testing and validation phase for Adapazari Wastewater Treatment System in
modelling COD concentration

Training Testing Validation
omb. Inputs M odel R F
No MSE |MAE | 2 |MSE|MAE| ? |MSE |MAE | ?
0 - ANFIS- g q s i
GP(3,trim, constant, 1) 6.80 | 257 | .70 | 436 | 473 | 67 | 160 | 6:86 | .81
ANFIS- ¢ q s :
@) SSand T GP(2,trimf,constant, 1) 9.23 | 249 | 68 | 071 | 364 | 67 | 263 | 632 | 81
. SS, T and ANFIS- 7 g s ¢
bH 5P(2,gaussmf constant, 1) 135 | 405 | .80 | 1.36 | 577 | .68 | 7.93 | 1.46 | .79
@ SS, T, pH ANFIS- 7 g '. g
and Q GP(2,rim constant, 1) 862 | 710 | 75 | 707 | 897 | 60 | 610 | 5.93 | .83
¢ q s g
@ SS ANFISSC(L03.D) | 551 | 240 | 70 | 276 | 433 | 69 | 214 | 7.02 | 81
¢ q s ¢
& SSand T ANFISSC207.0) | 671 | 037 | 70 | 333 | 0.05 | .70 | 642 | 230 | .80
SS, T and 7 g s g
©®) on ANFISSC(3081) | 511 | 546 | 77 | 856 | 6.60 | .67 | 1.53 | 9.38 | .81
SS, T, pH 7 g s :
@ lando ANFISSC(40.7.0) | 765 | 6a1 | 76 | 762 | 758 | .69 | 2.00 | 9.49 | 81
O - ANFIS- g q 79 : g
FCM(1,3,gaussmf, 1) 634 | 243 | 70| 8 | 503 67| 093 619 | .82
ANFIS- g q 74 : g
& SSand T FCM (2,3,gaussmf, 1) 337 | 110 | 72| 6 | 749 | 66| 013 | 6.03 | .82
a3 SS, T and ANFIS- 7 g 81 ¢ :
pH FCM(3,3,gaussmf, 1) 694 | 640 | 76| 9 | 300 | 65| 392 | 7.97 | .82
@ SS, T, pH ANFIS- ¢ g o ' ¢
and Q FCM (4,3,gaussmf, 1) 869 | 094 | 81| 2 | 162 | 67| 511 | 478 | 74
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Figure 2 Measured and modelled COD concentrations of the best model in validation phase by
(QANFIS-GP(3,trimf,constant,1), (b)) ANFIS-SC(1,0.3,1) and (c)ANFIS-FCM (1,3,gaussmf,1)

It can be seen from Table 1 and figures that ANFIS-SC (1,0.3,1) model whose input is
water SS was found to be slightly better than the other models in estimation of COD according
to the comparison criteria in testing phase. This model is defined one input SS, spread
coefficient 0.3, and output COD. In the validation phase, however, ANFIS-FCM (1,3,gauss,1)
model dlightly performed better than the ANFIS-GP(3,trimf,constant,1) and ANFIS-SC(1,0.3,1)
models. And, this ANFIS-FCM (1,3,gauss,1) is defined one input SS, 3 (number of clusters),
type of membership function (gauss), and output COD. ANFIS-GP(3,trimf,constant,1) model is
defined one input SS, type of membership function (triangular) and output function (constant),
and output COD. The last model ANFIS-SC(1,0.3,1) is defined one input SS, spread coefficient
0.3, and output COD. It can be said that three different ANFIS techniques provide similar
accuracy in estimating COD concentration for this treatment plant.
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Conclusions

Chemical oxygen demand (COD) concentration is both an important water quality
parameter and commonly used in aguatic life related to case evaluation. In this study, potential
of ANFIS method approach in estimating COD was investigated by using different
combinations, methods, functions, epoch and other assumptions to find out optimum model.
And, these ANFIS methods, ANFIS-GP, ANFIS-SC and ANFIS-FCM, were compared with
each other as well. For that, daily data water suspended solids, temperature, pH, discharge and
COD concentration data measured in upstream of the Adapazari Municipal WWTP, Marmara
region of Turkey were used in this study. Comparison of the results indicated that the ANFIS-
SC(1,0.3,1) model whose input is water SS was found to be slightly better than the other models
in estimation of COD in testing phase according to the comparison criteria. In the validation
phase, however, the ANFIS-FCM(1,3,gauss,1) model dightly performed better than the ANFIS-
GP(3,trimf,constant,1) and ANFIS-SC(1,0.3,1) models. It can be said that three different ANFIS
techniques provide similar accuracy in estimating COD for this treatment plant. And, the results
showed that the water SS parameter was quite effective on COD concentration. In addition, it
can be said that models are quite effective view to model COD as a priori and an aternative
point of view. And, these models can be used a priori tool to evaluate COD only available water
SS parameter without doing laboratory studies for this treatment plant as well.

Acknowledgement: We sincerely thank to the staff of the municipal WWTP in
Adapazari, in Turkey, for the data observation, processing, management, and for MSc thesis
written by Sebile Agikalin [51].
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