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ABSTRACT 

 

Coagulation process is known to be crucial in drinking water treatment so as to attain 

acceptable treated water quality. However, operators still feel that the determination of 

coagulant dosage is challenging since coagulation is inherently nonlinear and complicated 

process. In this dissertation, ANNs, ANFIS, and K-means clustering are applied to 

determine coagulant dosage. For coagulation dosage prediction model by raw water quality, 

MLP, ANFIS, GRNN are applied. MLP shows the best result in high turbidity zones, 

meanwhile, ANFIS provides consistent result and the best performance in low turbidity 

zones and high disorder zone of coagulant dosage. GRNN shows high accuracy in the 

highest turbidity zone. A hybrid of K-means clustering and ANFIS is designed to estimate 

ideal coagulant dosage and settled water turbidity. The K-means-ANFIS model proves it is 

more consistent and precise than a single ANFIS and ANN model. The hybrid model can 

be used for adjusting both of treated water quality and production expenses. To improve 

coagulation process model, NARX-ANFIS model is proposed. The model accuracy of 

NARX-ANFIS is slightly better than K-means-ANFIS by a recurrent input. The proposed 

NARX-ANFIS can be another good choice for real-time coagulant dosing control using 

past trend information of settled water turbidity. 

 

Keywords adaptive neuro-fuzzy inference system; artificial neural network; 

coagulant dosage; K-means clustering; water quality; modeling of water treatment 

process  

 

 

 

  

 

 

  



iv 

 

TABLE OF CONTENTS 

 

CHAPTER TITLE PAGE 

   

 TITLE PAGE i 

 ACKNOWLEDGEMENTS ii 

 ABSTRACT iii 

 TABLE OF CONTENTS iv 

 LIST OF FIGURES vi 

 LIST OF TABLES vii 

 LIST OF ABBREVIATIONS ix 

   

1 INTRODUCTION                1 

 1.1  Background    1 

 1.2  Statement of the problems 3 

 1.3  Objectives 

    1.3.1 Overall objective 

    1.3.2 Specific objectives 

 4 

4 

5 

 1.4  Scope 5 

   

2 LITERATURE REVIEW 6 

 2.1 Reviews on models for predicting coagulant dosage 6 

 2.2 Reviews on process and inverse process models of  

            coagulation 

10 

 2.3 Gaps in the existing research 13 

   

3 METHODOLOGY 15 

 3.1 The process of model development 15 

 3.2 Data collection and preprocessing 15 

     3.2.1 Bansong water treatment plant 15 

     3.2.2 Outlier preprocess 16 

     3.2.3 Variations of water quality and coagulant dosage 16 

 3.3 Artificial neural network 17 

     3.3.1 Multi-layer-perceptron 17 

     3.3.2 Transfer function 18 

     3.3.3 Training and termination criterion 18 

     3.3.4 Hidden layer 19 

     3.3.5 Generalized regression neural network 19 

 3.4 Neuro-fuzzy inference system 20 

     3.4.1 Adaptive Neuro-Fuzzy Inference System 20 

     3.4.2 Identification of fuzzy inference system 22 

 3.5 K-means clustering 23 

 3.6 Evaluation criteria of model performance 23 

   

4 RESULTS AND DISCUSSION 25 

 4.1 Coagulant dosage prediction model using ANN and  

            ANFIS 

25 

     4.1.1 Source of data for analysis 25 

     4.1.2 Division of data and cross validation 26 

     4.1.3 Model input selection 26 



v 

 

     4.1.4 Model development 27 

     4.1.5 Result and discussion 28 

 4.2 Coagulation process and inverse coagulation process 

            models using hybrid approach of k-means clustering and  

            ANFIS 

35 

     4.2.1 Data processing 35 

     4.2.2 Hybrid of K-means clustering and ANFIS 36 

     4.2.3 Model input selection and data division 37 

     4.2.4 Model development 38 

     4.2.5 Result and discussion 38 

 4.3 Model improvement with recurrent ANFIS 48 

     4.3.1 Background 48 

     4.3.2 NARX-ANFIS model with typical recurrent input 48 

     4.3.3 NARX-ANFIS model with proposed recurrent input 50 

   

5 CONCLUSION AND RECOMMENDATIONS 54 

 5.1 Conclusion 

5.2 Recommendations 

 

54 

55 

6 REFERENCES 56 

   

7 APPENDICES 62 

 

  



vi 

 

LIST OF FIGURES 

 

FIGURE TITLE PAGE 

   

Figure 1.1 Example of conventional water treatment process 1 

Figure 1.2 Jar test apparatus and an example of jar test results 2 

Figure 3.1 Model development process 15 

Figure 3.2 Process flow of Bansong WTP 16 

Figure 3.3 Variations of water quality and PAHCS dosage 17 

Figure 3.4 MLP architecture of three layer and one output 18 

Figure 3.5 Architecture of generalized regression neural network 20 

Figure 3.6 Architecture of adaptive neuro-fuzzy inference system 21 

Figure 4.1 Bansong WTP, influent hourly turbidity, 2014 25 

Figure 4.2 Variation of the hidden neuron number and performance of MLP 

with input type 8 

29 

Figure 4.3 Variation of the spread constant and performance of GRNN with 

input type 8 

29 

Figure 4.4 Structure of MLP(8,93) neural network model 30 

Figure 4.5 Structure of ANFIS (8,0.9) model 30 

Figure 4.6 The observed value and modeled PAHCS dosage by (a) 

MLP(8,93), (b) ANFIS(8,0.9), (c) GRNN(8,1.0) 

32 

Figure 4.7 Comparison of the performance of best-fit models for influent 

turbidity over 60NTU 

34 

Figure 4.8 Observed versus predicted PAHCS dosage using the combined 

model on the testing phase 

35 

Figure 4.9 Structure of K-means-ANFIS model 37 

Figure 4.10 Silhouette plot and Davies-Bouldin index in K-means clustering 

for raw water quality 

39 

Figure 4.11 Cluster-specific allocations of four dimensional raw water quality 

parameters 

40 

Figure 4.12 Fuzzy rules of cluster 1&2 process model 41 

Figure 4.13 3D response surface graphs of cluster 3 model 42 

Figure 4.14 Membership functions of influent turbidity in CP model of cluster 

1&2 by a: K-means-ANFIS, b: ANFIS 

43 

Figure 4.15 Observed and predicted settled water turbidity by a: K-means-

ANFIS, b: ANFIS, c: ANN 

45 

Figure 4.16 Observed and predicted coagulant dosage by a: K-means-ANFIS, 

b: ANFIS, c: ANN 

46 

Figure 4.17 Correlation plots of process models by a: K-means-ANFIS, b: 

ANFIS, c: ANN; inverse process models by d: K-means-ANFIS, e: 

ANFIS, f: ANN 

47 

Figure 4.18 NARX structure 49 

Figure 4.19 Observed and predicted settled water turbidity by a: proposed 

ANFIS-NARX, b: K-means-ANFIS 

53 

   

   

   

   

   

   



vii 

 

LIST OF TABLES 

 

TABLE TITLE PAGE 

   

Table 1.1 Inputs and an output of three models 4 

Table 2.1 Literature reviews on predicting coagulant dosage by raw water 

quality 

7 

Table 2.2 Literature reviews on process models and inverse process models 

of coagulation 

11 

Table 4.1 Statistical properties of raw water quality and PAHCS dosage 25 

Table 4.2 Statistics of three data sets 26 

Table 4.3 Pearson correlation coefficients from inputs and PAHCS dosage 26 

Table 4.4 Input combinations for model development 27 

Table 4.5 Parameter settings of MLP model development 27 

Table 4.6 Parameter settings of ANFIS model development 28 

Table 4.7 Performance of the candidate models from MLP, ANFIS and 

GRNN 

28 

Table 4.8 Parameters of input membership functions for ANFIS(8,0.9) 

model 

30 

Table 4.9 Fuzzy rule for ANFIS(8,0.9) model 30 

Table 4.10 Statistical analysis of the best-fit models of MLP, ANFIS and 

GRNN 

31 

Table 4.11 Comparison of the best-fit models of MLP, ANFIS and GRNN 

using four statistical indices 

33 

Table 4.12 Statistical measure results of MLP, ANFIS and GRNN by raw 

water turbidity zones 

33 

Table 4.13 Statistical characteristics of processed data 36 

Table 4.14 Correlation coefficients between input and output parameters 37 

Table 4.15 Basic Statistics for three data sets 38 

Table 4.16 Cluster center by K-means clustering 40 

Table 4.17 Performance CP models by K-means-ANFIS 40 

Table 4.18 Performance of ICP models by K-means-ANFIS 41 

Table 4.19 Performance comparison of K-means-ANFIS and ANFIS 42 

Table 4.20 Comparison of CP and ICP models by K-means-ANFIS, ANFIS 

and ANN 

43 

Table 4.21 Summary of process and inverse process ANN models on 

coagulation in the literatures 

44 

Table 4.22 Input combinations of NARX-ANFIS model 49 

Table 4.23 Results of NARX-ANFIS models with typical recurrent input 50 

Table 4.24 Input and feedback delay combinations for the proposed NARX-

ANFIS model 

50 

Table 4.25 Numbers of data set for eight models with different feedback delay 51 

Table 4.26 Results of NARX-ANFIS models with the proposed recurrent 

input 

51 

Table 4.27 Performance of ANFIS models without feedback input at radius of 

0.3 

51 

Table 4.28 Results of eight models of input type 5 with different values of 

feedback delay 

52 

Table 4.29 

 

Analysis of correlation coefficient between model outputs and 

feedback values 

52 



viii 

 

LIST OF TABLES 

   

TABLE TITLE PAGE 

   

Table 4.30 Performance of semi-ANFIS-NARX model with different cluster 

radius 

53 

Table 4.31 Performance comparison of K-means-ANFIS and NARX-ANFIS 

models 

53 

 

  



ix 

 

LIST OF ABBREVIATIONS  

 

AI  Artificial Intelligence 

ANFIS  Adaptive Neuro-Fuzzy Inference System 

ANN  Artificial Neural Network 

APE  Average Percentage Error 

ARE   Average Relative Error 

ARV  Average Relative Variance 

BS  Bench Scale 

CDP  Coagulant Dosage Prediction 

CP  Coagulation Process 

ELN  Elman Recurrent Network 

FIS  Fuzzy Inference System 

FS  Full Scale 

GRNN  Generalized Regression Neural Network 

ICP  Inverse Coagulation Process 

KNN  K-Nearest Neighbors 

LM  Levenberg-Marquardt 

MAE  Mean Absolute Error 

MAPE  Mean Absolute Percentage Error 

MF  Membership Function 

MLP  Multilayer Perceptron 

MSE  Mean Square Error 

NARX  Nonlinear Autoregressive Exogenous Neural Network 

PAC  Poly Aluminum Chloride 

PAHCS Poly-Aluminum Hydrogen Chloride Silicate 

PCA  Principal Component Analysis 

R  Coefficient of correlation 

R
2  

Coefficient of determination 

SCADA Supervisory Control and Data Acquisition 

SCD  Streaming Current Detector 

SOM  Self-Organizing Map 

SVM  Support Vector Machine 

TDNN  Time-Delayed Neural Network 

TF  Transfer Function 

RBFNN Radial-Basis Function Neural Network 

RMSE  Normalized root mean square error 

WTP  Water Treatment Plant 

 

 

 

 

 

 

 

 

 

 

 



 

1 

 

CHAPTER 1  

INTRODUCTION 

 

1.1 Background 

 

As the societies are urbanizing and modernizing, the importance of water treatment is 

increasing consistently. Accordingly, a lot of endeavor is being made to WTP to reduce 

cost while meeting more stringent quality standards. Figure 1.1 illustrates conventional 

processes of water treatment plant (WTP). Among the processes in the treatment, 

coagulation process which facilitates the removal of colloidal and fine particles by feeding 

coagulant is regarded as one of the most crucial stages. Coagulation and flocculation 

processes play an important role in separating solid-liquid. The chemical coagulation 

destabilizes dissolved particles by the neutralization process of their surface charge by 

adding chemical agent. The chemical coagulation process neutralizes impurities; for 

example clay, with (-) surface charge in water by feeding a chemical agent with (+) charge 

into water. After losing electrical repulsion, small impurities in aqueous suspensions attach 

to each other by van der waals attraction force. Then, rapid mixing is required to swiftly 

disperse coagulant. Flocculation aggregates the destabilized colloids and gently mixes 

them to make effective collisions between particles in order to shape heavy flocs. At the 

end, settlement process removes these flocs from water by gravity. 

 
Figure 1.1 Example of conventional water treatment process 

 

The coagulation process is influenced by complex reactions among raw water quality 

parameters such as turbidity, pH, alkalinity, conductivity, temperature, and many chemical 

and physical reactions with coagulant properties. There have been a lot of chemicals used 

for coagulation so far. Aluminum and iron salts are used most universally in the drinking 

water treatment system. Particularly, aluminum-based chemicals are used widely for this 

purpose.  Practically, it is difficult to determine optimal coagulant dosage due to the 

nonlinearity between influent quality and coagulant dosage, multi parameters of raw water 

quality and slow responses of the process. There is no way to determine how much the 

coagulant dosage is required in certain pH range theoretically until now as well. For these 

reasons, jar testing has been used to determine the coagulant dosage traditionally. Jar test 

takes water samples and put them into several containers. Then they spills coagulant to 

each sample with different proportions of it and stirred similarly to actual flocculation of 

the WTP. After a short time required for the reaction, each sample is measured by off-line 
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analyzer, and coagulant amount with the best output is determined as a target dosage of 

coagulant.  

 

  
 

Figure 1.2 Jar test apparatus and an example of jar test results 

 

However, these experiments are improper to real-time control (Yu et al., 2000) and are not 

able to keep up with the abrupt fluctuations in raw water quality (Joo et al., 2000) because 

it requires manual intervention continuously. Since water treatment process relies on 

operator’s experience and prior knowledge to control the coagulant dosages, it might result 

in excess or insufficient coagulant dosage caused by human errors, particularly during the 

period of rapid variation of raw water characteristics. Under dosing of coagulant can lead 

to poor quality of treated water and fails to consent, while overdosing leads to less efficient 

filtration and sedimentation process performance and wastage of chemicals. 

Over recent decades, automation technologies of WTP including instrumentation, remote 

monitoring, automatic process control, and integrated operating system have improved 

significantly. Consequently, there have been many attempts to determine automatically 

coagulant dosage by using statistical method or feedback control with streaming current 

detector (SCD). However, the statistical method is not accurate for the big change of raw 

water quality and flow, and the SCD method also has disadvantages for operation expenses 

and difficulty in applying it to all kinds of raw water quality (Kim and Kang, 2003; 

Valentin et al., 1999). In addition, even a small error can cause a huge accident related to 

water quality that makes operators not prefer automatic coagulant dosing. From these 

reasons, the determination of coagulant dosage has been still carried out by reference table 

and operator’s empirical knowledge. However, such empirical ways on the basis of a 

human know-how still have a possibility to fail to adapt to the variation of water quality 

due to delayed judgment or inattention during off-duty hours. Moreover, it can be an 

unstable operation factor since this knowledge could not be warranted in case the 

professional operators retire or they are relocated according to the rotation policy of their 

jobs (Sooyee Park et al., 2008). Therefore, it is necessary to develop a reliable model for 

determining coagulant dosage based on raw water quality fluctuations in WTP. 

On the other hand, drinking water industry has been confronted with two aspects of strict 

water quality standards and reduction of production cost. In these perspectives, coagulation 

is a critical process, and directly related to two aspects of quality and cost for production in 

drinking WTP. In general, coagulant dosage is determined by experienced operators. The 

operators set target point of coagulant dosage after checking current influent quality and 

present effluent quality. However, the determination of dosage from experience cannot be 

always ideal since the errors that will be brought on after several hours cannot be predicted 
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by operators (Zhang and Stanley, 1999). Accordingly, there are enough reasons for 

building models to predict treated water quality and estimate optimally coagulant dosage. 

These days, a variety of artificial intelligence (AI) techniques have been utilized to model a 

lot of water treatment processes that are complex, nonlinear. Especially, artificial neural 

networks (ANN) have been used popularly for modeling coagulation process (Gagnon et 

al., 1997; Robenson et al., 2009; Kennedy et al., 2015). The neural networks provide 

excellent ability for describing any processes without learning the processes in advance. 

Neuro-fuzzy is an excellent technique for modeling nonlinear phenomena as well. This 

technique is able to deal with noisy and uncertain data by combining fuzzy inference 

system and neural networks. One of most famous neuro-fuzzy systems is adaptive neuro-

fuzzy inference system (ANFIS) by Jang (1993). It is known that ANFIS has not limitation 

of local minima like ANN and its estimation capability surpasses the area of the training 

data. Furthermore, ANFIS model has less uncertainty than ANN in general (Talebizadeh 

and Moridnejad, 2011). With these advantages of the techniques, a number of models of 

coagulation process to assist operators using ANN or ANFIS have been developed in the 

literature. 

The amount of data collected at WTP has been increasing hugely in recent years as 

supervisory control and data acquisition (SCADA) evolves. In this situation, clustering 

technique can be a good choice to analyze enormous amount of information because it is 

able to classify huge data into meaningful groups. Moreover, it allows managers to gain 

effective information on complex processes of WTP by categorizing multi-dimensional 

data simply. Maier et al. (2004) applied Kohonen self-organizing map (SOM) for data 

division of ANN models. Park et al. (2008) introduced K-means clustering to make groups 

of coagulant dosage. Both of SOM and K-means techniques were utilized to model water 

quality by Juntunen et al. (2013).  

When all these situations are taken into consideration, it is necessary to develop a reliable 

decision support tool for determining coagulant dosage in WTP based on ANN, ANFIS 

and clustering techniques. 

 

1.2 Statement of the problems 

 

The models can be classified into three types on the basis of the literature. The First type   

is to predict coagulant dosage only from raw water quality. Most models in the literatures 

are developed to predict coagulant dosage by training the models with historical data of 

raw water quality. Because it is the most similar to the current reference table to control 

coagulant dosage that operators are familiar and easily accessible. This type of model is 

developed from the past operator’s behavior or jar-test results (Valentin et al., 1999). In 

addition, it could be helpful for training inexperience operators (Griffiths, 2010). Generally, 

it is necessary for an operator to determine the coagulant dosage in real time especially 

when there exists an unexpected rise of raw water turbidity. Thus, the role of the model to 

determine coagulant dosage becomes more important during this period. Even though 

many researchers have proposed various AI techniques to determine coagulant injection 

rate using influent water quality, the accuracy of the models at high turbidity zone with 

sparse data density has not been investigated so far. 

The first type of model does not contain information on the dynamics of coagulation 

process. Therefore, if coagulation dosing rates by process operators is not optimum, the 

predictions will not be optimum (Evans et al., 1998). From these reasons, models which 

are able to predict treated water (settled water) quality from raw water and coagulant 

dosage are addressed and developed in the literatures as the further researches (Evans et al., 

1998; Valentin et al., 1999; Benzaraa et al., 2014). They become the other two types of 
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model known as process and inverse process of coagulation. In general, treated water 

quality can be predicted by a process model with process inputs such as raw water quality, 

coagulant dosage. Coagulant dosage can be determined with this model by trial and error 

and new operators can be trained with it by understanding factors that influence on the 

process (Baxter et al. 2001b). The process model is also able to contribute to ensure the 

stability of operation because it can assess immediately the propriety of coagulant dosage 

which can be set by operators or any models. To estimate coagulant amount, an inverse 

process model is used with inputs of quality of raw water and treated water. The direct 

determination of the optimal coagulant dosage aiming desired treated water quality can be 

carried out by the inverse process model. 

Juntunen et al. (2013) indicated that making separated sub-models for different states of 

the process makes it possible for a whole model to adapt to different conditions because a 

single uniform model cannot represent always complicated whole processes in WTP. 

Several researches also testified that modeling each state of the process and composing of 

the sub-models into a whole model could be effective (Gagnon et al., 1997; Griffiths and 

Andrews, 2011a, b). Therefore, improvement of the existing modeling approach by 

applying clustering technique to coagulation models is also considered and proposed in this 

dissertation. 

 

1.3 Objectives 

 

1.3.1 Overall objective 

 

The primary goal of the dissertation is developing a decision support tool for determining 

the coagulant dosage based on ANNs, ANFIS and clustering method. In this research, three 

models will be proposed and developed. The three models can play complementary roles in 

determining coagulant dosage in real time. The models consist of 

1) CDP (coagulant dosage prediction) model to determine coagulant dosage in real-

time based on fluctuating raw water quality 

2) CP (coagulation process) model to determine settled water turbidity based on raw 

water quality and coagulant dosage 

3) ICP (inverse coagulation process) model to determine optimal coagulant dosage 

based on raw water quality and the desired settled water turbidity  

The main differences among three models can be recognized by their inputs and an output 

in Table 1.1. 

 

Table 1.1 Inputs and an output of three models 
 

Model Raw water Settled water 
Coagulant 

dosage 

 Turbidity pH Temperature Conductivity Turbidity  

CDP I I I I  O 

CP I I I I O I 

ICP I I I I I (Target value) O 

Unit NTU          NTU ppm 

I : Input, O: Output (prediction) 
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1.3.2 Specific objectives 

 

To obtain the overall objective, the research aims to carry out the following specific 

objectives. 

1) Three different techniques: MLP, GRNN, ANFIS, are applied to determine 

coagulant dosage in drinking WTP. Model accuracies of the three techniques are 

compared. Model evaluation is conducted under several influent turbidity zones which 

contain not only stable but also steep rise conditions. 

2) In order to develop CP and ICP models, K-means clustering method is integrated 

with ANFIS technique. Models from ANFIS and MLP are also developed for 

performance comparison. 

3) In order to improve the performance of CP model, recurrent ANFIS model is 

developed and evaluated. 

 

1.4 Scope 

 

This research will focus on development of data-driven models for predicting coagulant 

dosage and settled water turbidity in drinking WTP. This research is carried out under full-

scale scenario based on hourly historical data for an entire year. The data are extracted 

from SCADA system in Bansong WTP of K-water Company in South Korea in order to 

simulate the actual operation condition as much as possible. Generally, the simultaneous 

change in key process parameters may not be explained by the bench-scale data, and may 

lead to failure when applied to full-scale systems (Baxter et al., 1999). MATLAB 2014 

program is used to develop the models. 
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CHAPTER 2 

LITERATURE REVIEW 

 

2.1 Reviews on models for predicting coagulant dosage 

 

Gagnon et al. (1997) devised an annual and four seasonal prediction models of alum 

dosage using ANN at Ste-Foy WTP in Quebec, Canada. The performance of the seasonal 

models was compared with the annual model by statistical indices. The result showed that 

four seasonal models result in better performance. They attempted to discern the effect of 

coagulant dosage on treated water turbidity, it was not successful. They recommended that 

more robust model can be obtained by integrating multiple neural networks in a proper 

manner. 

Evans et al. (1998) applied ANFIS to predict coagulant dosage rate in Huntington WTP, 

England, and showed that ANFIS model was superior to a multiple regression model. The 

authors mentioned the future work of developing a model which was capable of predicting 

the color and turbidity of the settled water from the given raw water conditions to optimize 

coagulant dosage. 

Valentin et al. (1999) developed a hybrid system which includes validation and 

reconstruction of raw data by applying Kohonen SOM and prediction of coagulant dosage 

in Viry-Chatillon WTP, France. The result showed that the hybrid model becomes robust 

due to the preprocessing module, and the ANN model was better than a linear regression 

model. Predicting turbidity of effluent at the clarifier to identify the dynamics of the 

system is recommended as further work. 

Joo et al. (2000) made a model at Chungju WTP in South Korea. They showed that the 

prediction ability of ANN was superior to multi-variable regression (MVR). 

Deveughele and Do-quang (2004) conducted a study about on-line model to foresee ideal 

coagulant dosage using ANN at the WTP situated at Viry in Paris, France. They expected 

coagulation reduction of about 10%. 

Larmrini et al. (2005) focused on a soft sensor using ANN to estimate on-line an optimal 

coagulant dosage based on multilayer perceptron (MLP) at Rocade WTP in Marrakech, 

Morocco. The main factors affecting the coagulant dosage were selected using principal 

component analysis (PCA). Due to the lack of measurements resulted from heavy rains 

with high turbidity three different configurations of ANN were applied. They developed a 

linear regression model as well to show the superiority of ANN model.  

Hernandez and Le Lann (2006) developed a neural sensor to predict coagulant dosage on-

line in portable water WTP, SMAPA, Tuxtla city in Mexico. PCA applied to select four 

components as inputs among 9 raw water quality parameters. The neural software sensor 

was able to determine coagulant dosage in real-time to dose it in coagulation device. The 

authors addressed that the future works will be to establish a diagnosis methodology by 

interpreting the information collected from the entire WTP. 

Wu and Lo (2008) developed a multi-variant design model for predicting real-time 

coagulant dosage with MLP and ANFIS of grid partition type for a WTP in Taipei, 

Taiwan. They focused on the use of real-time determination of poly aluminum chloride 

(PAC) dosage with different situations of changes of water quality. They decided input 

parameters by calculating the Pearson factor with PAC dosage. The results certified ANN 

was better method to predict coagulant dosage during stormy seasons with high turbidity, 

and ANFIS model for self-predicting was suitable for forecasting the coagulant dosage in 

case operators does not have information about the quality of raw water. Therefore, a multi 

variant design could be devised for the optimal PAC dosage in real time. 
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Heddam et al. (2011) applied two different artificial neural network techniques in 

Boudououa WTP, Algeria, and presented that the generalized regression neural network 

(GRNN) model had a persistently better performance than Radial-basis function neural 

network (RBFNN) model during training, validation, and testing in all statistical indices. 

The authors mentioned that training of a GRNN was useful for developing non-linear 

input-output models quickly; therefore GRNN could be another alternative and useful 

technique to make a model for coagulant dosage in WTPs. 

Heddam et al. (2012) compared two ANFIS for determining coagulant amount in drinking 

WTP located in Boudouaou, Algeria. They showed that ANFIS model with subtractive 

clustering was more reliable than ANFIS model with grid partition. They concluded that 

vast and complex relationship of input-output could be handled efficiently by the ANFIS 

subtractive model. They also concluded that the engineering process of drinking WTP 

could be handled scientifically with subjectivity and uncertainty. 

Zhang et al. (2013) investigated two machine learning techniques to estimate the amount of 

coagulant in a large scale (Bearspaw WTP in Calgary), a medium scale (Cochrane WTP in 

Cochrane), and two small WTPs (WTPs in Standard and Gleichen) in Alberta (Canada) 

using K-Nearest neighbors (KNN), support vector machine (SVM) regression. The v-SVR 

and e-SVR using RBF kernel function gave superior capability to three order polynomial. 

SVM and KNN technique presented acceptable performance; especially the KNN had best 

performance in two small-scaled WTPs.  

Benzaraa et al. (2014) used fuzzy systems to forecast the amount of coagulant in Mexa 

WTP which situated in Algeria. They used a hybrid training algorithm for neuro-fuzzy 

network. The result described how the fuzzy systems resulted in more reliable system and 

improved coagulation control. The authors stated that the performances of the method 

depended on the quality and completeness of the available rules. Furthermore, they 

mentioned that they would take into account the treated water parameters in the future. 

 

Table 2.1 Literature reviews on predicting coagulant dosage by raw water quality 
 

Authors 
Research 

Problem 

Used Methodology 

Architecture Input / Output 
Performance 

measure 

Gagnon et 

al. (1997) 

Phenomena of 

diverse phases of 

WTP often makes 

it difficult to 

simulate the 

process. 

MLP pH, Turbidity, 

Temperature, 

Conductivity of 

raw water 

/ Alum dosage 

Standard 

deviation, 

Mean 

absolute 

error(MAE) 
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Evans et al. 

(1998) 

 

 

 

  

Jar test has 

disadvantages and 

automatic method 

with SCD, or 

linear predictive 

algorithm requires 

human 

intervention. 

ANFIS Turbidity, Color, 

Conductivity, pH, 

Inflow rate 

 / Coagulant 

dosage rate 

Comparison 

with multiple 

regression 

model 

Valentin et 

al. (1999) 

Robustness of the 

system is required 

critically for 

modeling 

coagulation under 

unreliable sensors 

and high variation 

of inputs.  

MLP Turbidity, pH, 

Oxygen, 

Conductivity, 

Temperature, UV 

in raw water 

/ Coagulant dosage 

Comparison 

with linear 

regression 

model 

Joo et al. 

(2000) 

The nature of jar 

test makes it 

difficult to be 

applied quickly 

with rapid 

fluctuation of raw 

water quality. The 

capability of MVR 

is not satisfactory. 

MLP Raw water quality 

/ Coagulant dosage 

rate 

Normalized 

root mean 

square error 

(RMSE) 

Deveughele 

and Do-

quang 

(2004) 

The proposal is to 

predict on-line the 

ideal coagulant 

dosage at influent 

water quality.  

MLP Raw water quality 

/ Coagulant dosage 

rate 

 

Lamrini et 

al. (2005) 

Regular samples 

should be 

extracted manually 

to do jar tests, 

which intervenes 

automatic 

operation. 

Consequently, 

operators have no 

choice but to 

relying on manual 

adaptation to 

changes of raw 

water conditions. 

MLP Turbidity (TSS), 

Conductivity, pH, 

Temperature of 

raw water 

/ Coagulant dosage 

Sum of the 

squared error, 

coefficient of 

determination 

(R
2
) 
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Hernandez 

and Le Lann 

(2006) 

Most plants decide 

coagulant dosage 

still manually; it 

wastes long time 

and costs for 

experiments. 

MLP Turbidity, Total 

hardness, 

Temperature, pH 

/ Coagulant dosage 

Mean square 

error (MSE), 

R
2
 

Wu and Lo 

(2008) 

General predicting 
model cannot be 
used when weather 
is not an unusual 
(heavy rain, high 
turbidity from 
storm water) or 
information on 
influent quality 
cannot be 
informed in any 
ways. 

MLP, ANFIS Color, 

Temperature, pH, 

Turbidity  in each 

of treated, 

sedimentation, 

flocculation, raw 

water from daily  

sample, and PAC 

dosage of 

yesterday, PAC 

dosage of the day 

before yesterday 

/ PAC dosage 

RMSE, R
2
 

Heddam et 

al. (2011) 

Conventional 

methods cannot 

control 

coagulation 

reaction 

satisfactorily. 

GRNN, 

RBFNN 

Ultraviolet 

absorption, pH, 

Turbidity, 

Temperature, 

Conductivity, 

Dissolved oxygen,  

/ Coagulant dosage 

RMSE, 

Correlation 

coefficient 

(R) 

Heddam et 

al. (2012) 

Jar test requires a 

lot of time and 

costs. Moreover it 

is not proper way 

to cope with big 

fluctuations of raw 

water in real time. 

ANFIS with 

grid partition 

and 

subtractive 

clustering 

Dissolved Oxygen, 

Conductivity, 

Temperature, 

Turbidity, UV 

absorption, pH in 

raw water 

/ Coagulant dosage 

R, RMSE, 

MAE 

Zhang et al. 

(2013) 

Several new 

learning machine 

techniques lead to 

superior ability 

and flexibility 

compared to 

conventional ANN 

and clustering 

methods. 

e-SVR model 

with radial 

functions 

(RBF) and 

KNN 

algorithm 

pH, Temperature, 

Turbidity of source 

water 

/ Coagulant dosage 

R
2
 

Benzaraa et 

al. (2014) 

The optimal 

coagulant dosage 

in drinking water 

treatments 

becomes an issue 

in modern water 

industry. 

Neuro-fuzzy 

network 

pH, Turbidity, 

Temperature, 

Conductivity / 

Coagulant dosage 

Graphical 

comparison 
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2.2 Reviews on process and inverse process models of coagulation 

 

Baxter et al. (1999) conducted research on an ANN modeling in order to look ahead 

effluent color at clarifier using full-scale data at Rossdale WTP in Edmonton, Alberta, 

Canada. They made full-scale models using pattern and time trend of historical data in 

order to correctly classify new data for the purpose of removing natural organic matter by 

means of enhanced coagulation process. The model had good predictive capability in the 

normal operating range (<3 TCU) of clarifier effluent color, even though the model tended 

to over-predict the actual values in the first 15 patterns. However, the model had some 

difficulties in predicting the highest clarifier effluent color peaks, under-predicting by 

approximately 1 TCU. They used time series data of two parameters because the output 

was influenced by past inputs as well as current inputs. 

In 1999, process and inverse process ANN models were proposed by Zhang and Stanley to 

predict both optimal alum dosage and the settled water turbidity at the same WTP as 

Baxter et al. (1999). The capability of their CP model is even lower than that of the ICP 

model since the CP model was developed on the basis of all conditions under dosing and 

overdosing. The authors stated that the possibility of integrating this software controller 

and actuator to help out operators to determine actual chemical dosages on-line or off line. 

Yu et al. (2000) made an ICP model to foresee required coagulant amount by applying 

ANN at a WTP in Taipei, Taiwan. Two methods including regression model and time 

series model were developed. According to the result, the regression model performed a 

poor prediction on coagulant dosage. Even though time series model presented precise 

results, the ANN model with ahead coagulant dosage showed the best prediction result of 

alum dosage. They concluded that the application of ANN model to control the coagulant 

dosage was feasible in WTP. 

Maier et al. (2004) developed CP models for predicting several treated water quality 

parameters and ICP models for estimating alum dosage by applying MLP to both at a WTP 

in southern Australia. They used 202 available data that were measured from treated and 

raw water by jar-tests. The capability of the models surpassed the models from van 

Leeuwen et al (1999). They stated the data from jar tests were necessarily used because it 

was impossible to collect full-scale data in South Australia at that time. 

Robenson et al. (2009) proposed an ICP ANN model for estimating optimal coagulant 

dosage with significant input-output selection and consideration of treated water lag 

parameters at Segama WTP in Malaysia. Among the initial 18 inputs, 7 less significant 

variables were eliminated. The network with 11 inputs performed better compared to the 

models with 18 inputs. The authors mentioned that the proposed models could have a great 

strength to substitute the traditional jar test and ability. 

Xiaojie et al. (2011) applied feed-forward ANN to make ICP models to predict coagulant 

dosage at a WTP in North China. The author trained the model with “low temperature” and 

“general situation”. The results showed that each training error was small as 0.00068 and 

0.0027, but the maximum relative errors were very big over 22%. The author stated that 

they could get more precise result if there were more sufficient data because the model was 

built with very small number of samples. 

By utilizing ANN technique, Griffiths and Andrews (2011a) proposed seasonal models that 

include CP and ICP model to make better filter efficiency at a WTP in Elgin Area, Canada. 

The networks were modeled successfully for CP and ICP. The performance of CP model 

was lower than ICP model.  

Sengul and Gormez (2013) used multilayer ANN to make CP and ICP models at a WTP in 

Istanbul, Turkey. The result presented that the precision was higher with fewer variables 

from operator's observation and from jar test. The authors mentioned that dataset size 



 

11 

 

should be increased to get over the weakness of the model. This model was only founded 

on jar test results and past operator’s observation.  

Bello et al. (2014) applied ANFIS to predict chemical dosage at Rietvlei WTP in the city 

of Tshwane, South Africa. In addition, four variants of multilayer back   propagation 

network were developed and compared with ANFIS. These several variation included 

different training algorithms: Quasi-Newton method, resilient back propagation, conjugate 

gradient descent, and Levenberg-Marquardt algorithm. The results showed that ANFIS had 

the least average percentage error (APE), RMSE and average relative variance (ARV) 

values and also had the highest correlation coefficient for both SC and pH estimations. 

Moreover ANFIS had no significant deviation between the response of the noisy and 

noiseless datasets. The authors addressed that the future work would include performance 

evaluation between ANFIS modeling and data mining or evolutionary computation 

techniques. 

Kennedy et al. (2015) conducted a study on four different CP models that are aimed to 

predict removal of dissolve organic matter and turbidity in process of coagulation. They   

applied daily full-scale data to hybrid-ANN methodology at Akron WTP, Ohio, USA. Four 

established ANN techniques, RBF, GRNN, and two hybridizations of MLP were used to 

build CP model to estimate future turbidity of settled water. Considering the results, SA-

MLP model was the best model for predicting coagulated turbidity capturing the expected 

impact of coagulant dosage and raw water quality on the predicted settled water turbidity. 

 

Table 2.2 Literature reviews on process models and inverse process models of 

coagulation 
 

Authors 
Research 

Problem 

Used Methodology 

Architecture Input / output 
Performance 

measure 

Baxter et al. 

(1999) 

Modeling by 

fitting insufficient 

data to 

mathematical 

formulae has 

problem in 

explaining process 

changes, and fail 

to applying real 

WTP in many 

cases. 

MLP 

(CP model) 

Turbidity, Color, 

pH, Temperature, 

Alkalinity, 

Hardness,  Lagged  

turbidity, Lagged 

color of raw water 

and Alum, PAC, 

Polymer dose, 

Overflow rate of 

influent water 

/ Color of clarifier 

effluent 

R
2
, MAE 
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Zhang and 

Stanley 

(1999) 

The exact 

mathematical 

description for 

coagulation 

process is not 

available; 

therefore the 

mathematical 

approach generally 

leads to poor 

performance. 

MLP 

(CP and ICP 

model) 

Process model: 

Color, Turbidity, 

pH, Alkalinity, 

Temperature, 

Change values of 

color and turbidity, 

alkalinity of raw 

water and Alum 

and PAC dosage, 

Overflow rate 

/ Turbidity of 

effluent water 

Inverse model: 

Turbidity of 

effluent water 

/ Alum dosage 

R
2
, MAE 

Yu et al. 

(2000) 

Conventional jar 

test can only offer 

periodic 

information and 

has some 

difficulties to be 

applied to 

automatic control. 

MLP 

(ICP model) 

Turbidity, pH, 

Conductivity in 

raw water and 

Turbidity of 

effluent settled 

water 

/ Alum dosage 

R
2
, RMSE,  

Maier et al. 

(2004) 

Coagulation is 

complicated 

process and it 

cannot be 

understood clearly, 

and developing 

physical model is 

not easy. 

MLP 

(CP and ICP 

model) 

Process model: 

Turbidity, Color, 

UVA, Alkalinity, 

DOC in raw water,  

Alum dose 

/ Turbidity of 

treated water  

Inverse model: 

Same raw water 

parameters and 

Turbidity, Color, 

UVA in treated 

water 

/ Alum dose 

MAE, R
2
 

Robenson et 

al. (2009) 

Same with 

Heddam et al. 

(2012). 

MLP 

(ICP model) 

pH(t),(t-1),  

Color(t),(t-1), 

Turbidity(t), 

(t-1),(t-2) in raw 

water and 

Turbidity, Color in 

treated water and 

Alum dosage(t-1), 

(t-2) 

/ Alum dosage 

MSE, MAE, 

R 
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Xiaojie et al. 

(2011) 

Water property 

and operation 

expenses are 

influenced by 

coagulation dosage 

to a considerable 

degree.  

MLP 

(ICP model) 

Turbidity, 

Temperature, pH 

in raw water, Flow 

rate of influent and 

Turbidity after 

sedimentation 

/ Coagulant dosage 

Minimum, 

relative error, 

Maximum 

relative error, 

Average 

relative 

error(ARE) 

 

Sengul and 

Gormez 

(2013) 

Dosing coagulant 

excessively causes 

increase of 

production cost 

and possibility of 

people’s illness. 

MLP 

(CP and ICP 

model) 

Process model: 

pH, Temperature, 

Turbidity, 

Conductivity, 

Color, UV254, 

Fluoride and Alum 

dosage 

/ Turbidity of 

treated water 

Inverse model: 

Turbidity of 

treated water 

/ Alum dosage 

R
2
, R, MSE, 

RMSE 

Bello et al. 

(2014) 

Control of 

coagulation 

determines the 

overall success or 

failure of the 

portable water 

production 

ANFIS, MLP 

(CP model) 

Flow rate of 

sudfloc 3835, 

ferric chloride, 

hydrated lime 

/ pH, Streaming 

current of treated 

water 

APE, RMSE, 

R, ARV 

Kennedy et 

al. (2015) 

ANN offers 

several advantages 

over traditional 

modeling 

approaches such as 

linear regression 

RBF, GRNN, 

SA-MLP, 

GA-MLP 

(CP model) 

Turbidity, 

Temperature, 

Alkalinity, 

Hardness, pH and 

dose of Alum, 

Permanganate, 

Chlorine dioxide 

/ Turbidity of 

settled water 

R, ARE, 

External 

validation 

indices 

 

2.3  Gaps in the existing research 

 

From the literature review on models for CDP, there are a lot of studies for determining the 

coagulant dosage based on raw water quality. Most authors developed models using MLP, 

GRNN, and ANFIS techniques. However, even though many researchers studied on the 

potential of various AI techniques to make the models, the prediction performances of the 

models using three algorithms, which have unique features, are not compared until now. 

Particularly, it is necessary to investigate the model performances of the three methods at 

high turbidity zone because it is the most difficult to operate WTP during rainy season with 

sudden change of raw water quality such as turbidity rise. 

Although ANFIS was used effectively to develop CDP model from the literature (Gagnon 

et al., 1997; Wu and Lo, 2008; Heddam et al., 2012), the models did not consider actual 
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process output which is settled water turbidity, and were developed by the data based on 

only coagulant dosage determined by operators according to influent quality. Therefore, 

there were not any researches that applied ANFIS to CP and ICP models to represent 

dynamics of coagulation process. Moreover, clustering method is needed to be combined 

with ANFIS in order to make a robust model that has particular sub-models which can be 

more applicable to each state of water treatment conditions. The proposed hybrid approach 

of ANFIS and clustering technique is the first attempt in modeling dynamic coagulation 

process. 

In this study, all the above aspects will be tackled based on three models (CDP, CP, and 

ICP).  
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CHAPTER 3 

METHODOLOGY 

 

3.1 The process of model development 

 

In this section, ANNs and ANFIS algorithms are applied to create the model. The process 

of model development is given in following Figure 3.1. 

 

 
 

Figure 3.1 Model development process 

 

3.2 Data collection and preprocessing 

 

To make successful AI models on coagulation process of WTP, several things for data 

collection and analysis must be handled carefully. First of all, the available data must be 

ascertained and chosen. To check how to select available data, several things such as 

presence, time period, and frequency of historical data must be assured. Then, the 

reliability and format have to be examined closely. The most critical consideration is to 

investigate any process variations of water treatment during the period that data are 

collected for. 

Data preprocessing for train and test data contains important meaning. It is able to 

contribute to enhancing the reliability of model because the collected data can be false and 

inconsistent. Data preprocessing can include trend detection, error correction, 

dimensionality reduction, and data normalization. A time series plot is helpful for finding 

the error of data that are caused by instrumental maintenance and malfunctions of any 

equipment during collecting data. Any parameters that remain constant or are not measured 

frequently can be corrected using the trends both earlier and later based on experience of 

operation. Dimensionality reduction is important to minimize the network size and yet 

maintain acceptable performance. Data normalization is a necessary preprocessing step 

because it helps neural network to detect relative importance of each parameter 

corresponding to the applied transfer function.  

 

3.2.1 Bansong water treatment plant 

 

The data in this research is obtained from Bansong WTP in Changwon city, South Korea. 

The WTP is managed by Korea water resources corporation (Kwater). The WTP has water 

purification capacity of 120,000   per day and the intake of raw water is from Nakdong 

River. Figure 3.2 shows a schematic overview of the process at Bansong WTP. There are 

typically conventional several processes such as coagulation, flocculation, sedimentation, 

filtration, and injection of chlorination. In addition, they started to operate pre-ozonation in 

May, 2014. Bansong WTP uses polyaluminium hydrogen chloride silicate (PAHCS) as the 

coagulant since 2014. 
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Figure 3.2 Process flow of Bansong WTP  

  

There are online analyzers to monitor water quality in real time: pH, turbidity, temperature, 

conductivity. These water quality parameters become important operation factors for 

coagulation process. Solubility of coagulant and floc characteristics is related to pH. In 

case of low TOC water, creating good floc is controlled by turbidity by destabilizing 

suspended colloids. The efficiency of floc formation rate and primary particle removal is 

affective by temperature factor. Ionized substance in water is known by conductivity, 

therefore this factor get to cause influence dissolve solids. Residence time of each process 

vary by flow rate parameters. In most cases, operators set target value of coagulant dosage 

using reference table and information of water quality. In this research, hourly data are 

extracted during the entire year of 2014 from the database server. Thus a total 8760 records 

are gathered. Baxter et al. (2002) counseled that data covering one full cycle should be 

prepared for modeling of WTP. 

 

3.2.2 Outlier preprocess 

 

The completeness of the data is critical to make models. Inaccurate data due to 

measurement errors may degrade model performance significantly and can lead to wrong 

prediction results. In addition, data check is strongly required before applying data to 

model development, especially when a model which is based on full-scale data is made 

because the accumulated data in database may be corrupted and noisy. Most of the errors 

of data are caused by instrumental maintenance and malfunctions of equipment for 

measurement or automation while showing abrupt changes or no change in the value 

without any operation alternations. Abrupt changes can be detected. Therefore, time series 

plots are used for finding abrupt changes and unchanging values. Alkalinity has many 

abrupt changes and constant values for several months, thus it is considered inappropriate 

to use in model development. Although other data have some erroneous, zero elements and 

missing values, the problematic data were not removed but replaced by the value obtained 

from simple linear interpolation of the surrounding data (Chai, 1997) because continuous 

periodic data series are required to represent dynamic models in order to predict water 

quality after settlement process. The outlier removal method of standard deviation as 

proposed in the literature (Baxter et al., 2002) is not applied in order to ensure data patterns 

as many as possible, which should represent extreme variations in the process parameters. 

Thus, for demonstration purposes, time series graphs depicting the error and outlier 

removal process are shown in Appendix 1. 

 

3.2.3 Variations of water quality and coagulant dosage 

 

The outlier preprocessed data are shown in Figure 3.3. The raw and settled water quality of 

Bansong WTP varies significantly during the year of 2014 as shown in Figure 3.3 because 

of seasonal variation in the Nakdong-river. Ninety percent of turbidity values of raw water 

are below 19.77 NTU. However it increases to around 440 NTU with extreme steep slope 

in rainy season between August and September. The temperature shows variation between 
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2.5  ~ 30  throughout the entire season and low temperature under about 5  is seen 

during several months. The pH varies from 6.76 to 8.85; it rises up over pH 8.0 during dry 

season of winter and short time frame of summer. The conductivity ranges from 110 to 540 

with the average value of 299. The curve of the conductivity shows that it decreased 

substantially during rainy season. The large variation of the raw water turbidity triggers the 

high variation of the settled water turbidity. Its excess is over 1 NTU intermittently for 

summer period. PAHCS was injected from about 14 mg/L to 40 mg/L normally, while it 

was dosed at the highest rate about 70 mg/L during wet season with a lot of rainfall.  

 
Figure 3.3 Variations of water quality and PAHCS dosage 

 

3.3 Artificial neural network 

 

3.3.1 Multi-layer-perceptron 

 

Artificial neural network processes massive data in parallel like biological nervous human 

brain network (Haykin, 1999). MLP is widely applied artificial neural network which has 

feed-forward hierarchical architecture and generally used to create relationships between 

input and corresponding output. MLP has been applied to prediction and forecasting 

applications in many fields, besides it has been applied to predicting coagulant dosage with 

success in many studies (Larmrini et al., 2005; Wu & Lo, 2008). MLP is composed of 
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three distinct layers which are called as input, hidden and output. Each layer has a lot of 

simple units known as neurons. 

 

Figure 3.4 MLP architecture of three layer and one output 

 A neuron processes inputs by applying weights, and forwards the output to following 

interconnected next neurons. The equation of the output      of the network, which has 

three layers composed of an input with   neurons and input    signals, a hidden with   

neurons, and an output with one neuron, is given by: 

                

 

   

                       

 

   

       (1) 

Where    is net inputs;    denotes the weight between the hidden layer and the output 

layer;     is the weight between the input layer and hidden layer;   is bias value;   is the 

activation function. 

 

3.3.2 Transfer function 

 

Sigmoid types of the logarithmic and hyperbolic tangent are most prominent transfer 

functions. Sigmoid type in hidden layer and linear in output layer are effective when output 

may exceeds the scale of training data (Karunanithi et al., 1994). It is suitable for the 

regression problems as well because it allows an unlimited range of output value which 

may occur during the rainy seasons in WTP (Chai, 1998). Generally, the input data are 

normalized proportionally with the range of transfer functions. However, Wu and Lo 

(2010) showed that the improved model of coagulant dosage prediction was obtained 

without the normalization of inputs with tangent sigmoid of hidden layer and linear 

function of output layer. 

 

3.3.3 Training and termination criterion 

 

The initial weights are adjusted during the training process. In this process, the predicted 

outputs by MLP are compared with target outputs, and training is used minimize errors. In 

a lot of researches, the back-propagation learning algorithm is used to adjust the weights in 

neural networks. There are a number of optimization techniques; for example using first-

order (gradient descent) and second-order methods (Newton’s method). These iterative 
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methods are aimed to minimize the errors which are the differences between targets and 

neural outcomes. Among the optimization techniques, it is known that Levenberg-

Marquardt (LM) algorithm has the best performance and the fastest learning speed for a 

simple structure network having an output (Hagan and Menhaj, 1994). This technique 

utilizes an approximation of the Hessian matrix for Newton-like update: where   is the 

Jacobian matrix. It describes the first derivatives of errors in terms of biases and weights, 

and   represents network error vectors. 

            
             (2) 

This algorithm is prominent to be the fastest training for networks with moderate size 

containing up to several hundred weights. The criterion on when to stop the training is very 

important. If training is terminated too early, poor performance model is obtained. Amari 

et al. (1997) showed cross-validation definitely proves benefits of it. It is essential to keep 

on training for a while before the amount of error reaches a certain limit (Maier and Dandy, 

2000).  

3.3.4 Hidden layer 

 

It was demonstrated that any continuous functions could be approximated by MLP of 

structure with even one hidden layer (Hornik et al., 1989). Besides, many researches in the 

literature also showed good results with one hidden layer. Thus, one hidden layer is applied 

in this research. When using MLP with three-layer architecture, it is crucial to make a 

decision for how many neurons should be selected for hidden layer because a complicated 

model can indicate over-fitting. Hetcht-Nielsen (1987) presented upper bound for the 

number: where    and    are the neuron quantity used for hidden and input layers, 

respectively. 

          (3) 

The proper proportion of the number of samples in training data set to their interconnection 

weights was suggested as 10:1 in the literature so as to ensure good generalization of the 

model (Weigend et al., 1990). Therefore, the quantity of training data (  ) and the quantity 

of inputs (  ) can form the equation (4) to determine the maximum number of neurons of 

hidden layer: 

    
  

        
 (4) 

On the other hand, it was suggested that a good starting size for the hidden neuron is 

approximately 75% of the number required for input layer (Bailey and Thompson, 1990). 

 

3.3.5 Generalized regression neural network 

 

Generalized regression neural network, GRNN, (Specht, 1991) based on non-linear 

regression is capable of estimating any arbitrary continuous functions by approximating a 

probability density function from training data. The main advantage of GRNN is that it 

does not need to train iteratively, thus it finishes training very rapidly. Moreover, local 

minima problem does not occur like MLP and has consistent performance. It was used in 

place of MLP method (Kisi, 2006). A simple diagram of GRNN structure is presented in 

Figure 3.5.  
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Figure 3.5 Architecture of generalized regression neural network 

Four layers compose GRNN: input, pattern, summation, and output. The input layer and 

the pattern layer are perfectly connected. Nodes of the pattern layer calculate the distances 

between the stored patterns and the input. Each Node of pattern layer and two neurons in 

the summation layer are connected. The output layer divides the sum of the weighted 

outputs with the unweighted outputs from the pattern layer and calculates the estimated 

value in the end. The output value is estimated as follows: 

 

     
     
 
   

   
 
   

 
(5) 

 

where    is the observed value from input vector   ;            
       is the output of 

the pattern layer nodes;   
         

         expresses squared distance from the 

input    to training pattern   ;   is spread parameter which is used for smoothing. In 

general, larger   value makes the estimated density smooth and may lead to better 

generalization. When applying GRNN, it is important to find optimal spread constant 

which is the smoothing parameter. In general, larger spread constant value leads to better 

generalization.  

 

3.4 Neuro-fuzzy inference system 

 

Neuro-fuzzy combines following merits of two techniques. The neural network has parallel 

computation and learning ability to optimize parameters, and fuzzy logic is capable of 

making knowledge visible to human by interpretable form. Neural networks and fuzzy 

logic naturally complement each other for intelligent systems. Fuzzy logic handles high-

level reasoning from linguistic information acquired from experts in particular domain. 

The level of neural networks is lower than fuzzy logic because it works well for processing 

raw data due to computational structures. Fuzzy inference model such as Sugeno and 

Mamdani can be used for analysis operation of fuzzy rule. Particularly, Sugeno fuzzy 

model is the most popular model to deal with huge database (Michael, 2005). When input 

and output data are given to make a model, the fuzzy model from Sugeno is able to create 

fuzzy rules systematically. 

 

3.4.1  Adaptive Neuro-Fuzzy Inference System 
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Jang (1993) proposed the concept of ANFIS which is capable of approximating any real 

continuous function. It showed potential ability for predicting coagulant dosage in the 

literature (Evans et al., 1998; Wu and Lo, 2008). Generally, five-layer feed-forward neural 

network composes ANFIS. ANFIS model with the first order Sugeno type is given in 

Figure 3.6. It is assumed that there are two inputs ( ,  ) and one output ( ), inputs are 

described by parameters of two functions of membership, and an output form is denoted by 

a first order polynomial. Two rules of this network are represented as:  

 

                                               (6) 

                                               (7) 

 

 
Figure 3.6 Architecture of adaptive neuro-fuzzy inference system 

where   ,    and   ,    represent membership functions (MFs) for parameters   and  , 

respectively;   ,   ,    and   ,   ,    are coefficients for the output polynomial. Each layer 

of ANFIS has a unique role as follows: 

 

Layer 1 computes membership value for input variable. The output of node i with Gaussian 

MF is calculated as: 

      
       

 

   
           

(8) 

 

where   ,    control shape of the Gaussian function with values from 0 to 1. 

 

In Layer 2, every node expresses a single Sugeno-type fuzzy rule and computes strength of 

the rule as follows: 

 

                          (9) 

 

Layer 3 computes normalized firing strength that describes the contribution of each rule to 

the final output. 

 

       
  

     
          

 

(10) 

Layer 4 plays a role of defuzzification and determines the output of each node as following 

equation:  

http://cc.naver.com/cc?a=wrd.entry&r=1&i=1f07ed9186144384ab05f473de3d4ffa&bw=1507&px=299.04998779296875&py=320.9499816894531&sx=299.04998779296875&sy=320.9499816894531&m=1&ssc=dic.en.all&q=correspondingly&s=&p=&g=&u=http%3A%2F%2Fendic.naver.com%2FenkrEntry.nhn%3FentryId%3D1f07ed9186144384ab05f473de3d4ffa%26query%3Dcorrespondingly
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(11) 

where   ,    and    are consequent parameters of rule  . 
 

Layer 5 has final output and calculated by equation (12): 

 

             
      

    
 

 

 

(12) 

Antecedent parameters {     } controls the shape of input MFs, and consequent parameters 

{  ,   ,   } describes the overall output of the system. All parameters of the membership 

functions and output polynomial are adjusted by hybrid learning algorithm. This algorithm 

utilized both techniques of gradient descent and least-square estimator (Jang, 1993). 

 

3.4.2  Identification of fuzzy inference system 

 

There are two most commonly used models for identification of fuzzy inference system 

(FIS) in ANFIS. They are grid partition and, clustering methods. The grid partition method 

has a critical drawback that all combinations of input membership functions make 

excessive number of rule. It causes a huge amount of calculation and inferior performance 

for clustering in predicting coagulant dosage (Heddam et al., 2012). Usually, parameters 

are identified by clustering methods because it is challenging to find out them in complex 

systems. The clustering methods partition the data from the available data set into groups 

which have similar behavior; hence, there is no difference of the number between fuzzy 

rules and clusters. Although there are many clustering methods, a subtractive clustering is 

most powerful in the condition where there is not prior information on how to divide 

clusters with given data set (Talebizadeh & Moridnejad, 2011). In this research, the 

subtractive clustering algorithm is used to form an initial FIS. 

Subtractive clustering estimates both the initial positions and the number of cluster centers 

(Chiu 1994). To briefly describe this clustering, each point can be a possible cluster center 

under consideration of density of neighboring data points and computes likelihood. The 

density measure at data    is calculated by means of its location from other data points and 

defined as:     

 

           
        

 

       
 

 

   

 

 

(13) 

where   is the total number of the data in multi dimensional space,    is a positive value 

defined as a cluster radius, and     denotes the Euclidean distance. Any data is treated as a 

center point in a cluster when the point has many data points which are close to it. Thus,    

with high density potential value    
  can be the center point of the first cluster and all data 

points surrounding    are deleted based on the cluster radius to examine the next data 

cluster. The density measure is changed as the follow general equation after the  th cluster 

center (  ) is determined:  

 

         
        

        
 

       
  (14) 

 



 

23 

 

where    is  th cluster center,    
   is the largest potential density and    is set as great 

figure than    to avoid making cluster centers closer. Iteration of this process continues on 

until all data are included by the area corresponding to radii of a cluster centers, then the 

termination criteria are achieved. The cluster centers are determined for antecedent 

membership functions which characterize the system behavior for the  th variable input. 

 

3.5 K-means clustering 

 

A large number of objects can be divided by subgroups by cluster analysis technique based 

on characteristics of the objects. It is known that hierarchical and K-means clustering are 

most popular techniques. While hierarchical clustering is strong ability on classification for 

small number of data sets, K-means has advantage of being less sensitive to outliers and it 

can process large number of sample (Mooi and Sarstedt, 2011; Abbas, 2008). K-means 

clustering has been utilized for analyzing processes in many fields including WTP due to 

these advantages (Aguado et al., 2008; Zhu et al., 2015). A centroid-based method to 

reduce variation of intra-cluster to a minimum is used for K-means clustering (MacQueen, 

1967). Based on similarities of total objects, they are classified into k clusters using 

distance index. The centroid is selected as a point that has minimized distances from all 

points in that cluster. The distances express similarity between two points and can be 

measured by Euclidean distance. K-means clustering is more preferred for large number of 

data because it works well on real observed data. The objective function of K-means 

clustering method is shown equation (15): 

 

            
 

     

 

   

 (15) 

 

where   is the objective function;    is data vector of observations (            ,   is 

the number of clusters;    is i-th cluster;    is cluster center. 

 

3.6 Evaluation criteria of model performance 

 

The best model has the smallest prediction errors. Prediction errors can be assessed by 

many statistical indicators which can be categorized by absolute and relative methods 

(Baxter et al. 2002). Mean absolute error (MAE) enables users to compare models on an 

absolute scale immediately, while users can determine percentage difference easily 

between the observed and the predicted values for easy comparison by mean absolute 

percentage error (MAPE) that rates error relatively. Coefficients of correlation (R) is 

utilized to assess how tight relationship exists between the estimated results and the real 

values, while coefficients of determination (  ) represents how much variations of 

predicted values can be explained by the model. Normalized root mean square error 

(RMSE) is a good index to compare estimation potential among models (Zurada, 1992). In 

this study, four statistical parameters, RMSE, MAPE, R, and   are used to evaluate all 

models: 
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where   is the number of data;    is the predicted value and    is the observed value;     
and    are the average values of the predicted and the observed values, respectively.  

In general, correlation coefficient does not offer a suitable indication for evaluating model 

performance when used alone because it has the weakness that it indicates the only the 

strength of linear relationship between variables. In other words, the R value can be high 

when a big difference comes out between the modeled and the observed values. For this 

reason, external verification indices were suggested by Golbraikh and Tropsha (2002). 

Kennedy et al. (2015) applied these new criteria for coagulation process modeling as well. 

Based on the literature, external verification indices were applied to compare best-fit model 

which had the best performance from each method on the test data set. The criteria were 

based on a comparison of the regression line of the observed and the predicted values with 

the ideal fit line which has an intercept with zero value and a slope of one. They evaluated 

the similarity between    and   
    

   using the parameters   and  . The values of   

and   have absolute values less than 0.1 if the model has good performance because the 

two values are similar when the differences between predicted and observed values are 

small. They introduced another index   
  by Roy & Roy (2007). This index evaluates the 

similarity between   
   and      A model is judged to be good when this index has a value 

greater than 0.5. These indices are defined as follows: 
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                     (22) 

where   
  represents the coefficient of determination between the value from the perfect 

fit line and the observed value.   
   represents the coefficient of determination between the 

value from the perfect fit line and the predicted values. 

In developing CDP model, each best-fit model by MLP, ANFIS and GRNN are evaluated 

using these external verification metrics and the absolute relative error percentage (ARE 

%).  Finally, the performances of the best-fit model are evaluated depending on various 

turbidity zones of raw water by MAPE which is mean value of ARE percentage. MAPE 

allows the user to determine percentage difference between the observed and the predicted 

values easily (Baxter et al. 2002). 
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CHAPTER 4 

RESULTS AND DISCUSSION 

 

4.1 Coagulant dosage prediction model using ANNs and ANFIS 

 

In this section, CDP model is created based on fluctuating raw water quality by applying 

MLP, GRNN and ANFIS methods to determine coagulant dosage in real time. 

 

4.1.1  Source of data for analysis 

 

As mentioned in 3.2.3, the variations of raw water quality of Bansong WTP are 

considerably large during the year of 2014. Statistical characteristics for the raw water 

quality and PAHCS dosage are summarized in Table 4.1. Turbidity increased up to 440 

NTU abruptly during summer, which brought about significantly high coefficient of 

variation (Figure 4.1). 

 

Table 4.1 Statistical properties of raw water quality and PAHCS dosage 
 

Classification Variable Mean 
Standard 

Deviation 
Min Max 

Influent raw 

water  

Turbidity  (NTU) 11.46 16.55 0.49 440.85 

Temperature ( ) 16.43 8.09 2.52 29.90 

pH 7.67 0.35 6.76 8.85 

Conductivity (㎲/㎠) 299.70 89.55 110.20 537.17 

Operational 

parameter 
PAC dosage (mg/L) 29.64 6.76 14.36 69.60 

 

 

Figure 4.1 Bansong WTP, influent hourly turbidity, 2014 
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4.1.2  Division of data and cross validation 

 

Cross-validation is a technique which is frequently applied in model development. It can 

decide stop time of training, moreover provides the comparison information of 

generalization performance of multiple models. Three sub sets of the whole data are 

divided: training, validation, and test. Maier & Dandy (2000) found that the whole data set 

was split arbitrarily; however, statistical properties of three data sets must be similar to 

describe same statistical characteristics of the study domain (Maier et al., 2004; Sahoo et 

al., 2012). 

Over-fitting occurrence and abusing test data for model developing process can be 

prevented by the division of data into three subsets (Maier et al., 2004). Baxter et al. 

(2001a) proved that division of whole data at proportion of 3:1:1 to prepare train, 

validation, and test data sets was simple, but effective manner making sure that the means 

and variances of data three data sets are similar. This research uses their data splitting 

method. All combinations of five data groups at the ratio of 3:1:1 are investigated to find 

the best data set with the closest statistical properties. As the result, the 8760 data sets from 

Bansong WTP are divided into three subsets. The data sets are separated into 5256, 1752 

and 1752 data sets. Table 4.2 gives the statistical properties of these data sets. 

 

Table 4.2 Statistics of three data sets 
 

Data sets Parameters Mean 
Standard 

deviation 
Min Max Range 

Training 

set 

Turbidity 11.44 16.32 0.49 440.69 440.2 

Temperature 16.34 8.05 2.52 29.84 27.32 

pH 7.67 0.35 6.77 8.85 2.08 

Conductivity 300.67 90.4 110.51 536.76 426.25 

PAHCS dosage 29.64 6.75 14.36 66.7 52.34 

Validation 

set 

Turbidity 11.23 15.46 1.29 425.02 423.73 

Temperature 16.49 8.09 2.71 29.9 27.19 

pH 7.67 0.35 6.78 8.83 2.05 

Conductivity 300.85 89.1 110.2 536.05 425.85 

PAHCS dosage 29.64 6.75 15.09 66.63 51.54 

Testing 

set 

Turbidity 11.72 18.25 0.96 440.85 439.89 

Temperature 16.63 8.19 2.67 29.69 27.02 

pH 7.67 0.36 6.8 8.79 1.99 

Conductivity 295.62 87.4 11.17 537.17 526 

PAHCS dosage 29.66 6.79 15.17 69.6 54.43 

 

4.1.3  Model input selection 

 

To determine influence of inputs to the model for predicting PAHCS dosage, analysis of 

relationships between inputs of raw water quality and output of PAHCS dosage is required. 

The relationship among input parameters and PAHCS dosage are analyzed by a statistical 

index called Pearson’s correlation coefficient ( ). Table 4.3 presents the computed cross-

correlation values among parameters. 

 

Table 4.3 Pearson correlation coefficients from inputs and PAHCS dosage 
 

 Turbidity Temperature pH Conductivity PAHCS dosage 

Turbidity 1.000 0.191 -0.381 -0.343 0.534 
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Temperature 0.191 1.000 -0.526 -0.541 0.153 

pH   1.000 0.315 -0.247 

Conductivity    1.000 -0.135 

PAHCS dosage     1.000 

  

The correlation coefficient of turbidity and PAHCS dosage is the highest as 0.534 

compared with the other input, thus it is relevant the most to the output. The coefficients 

between pH, temperature, conductivity and PAHCS dosage vary between 0.135 and 0.247 

for the absolute value. Moreover, the input parameters are correlated among themselves as 

well. According to the result of Pearson analysis, eight possible combinations of inputs 

always including the turbidity are chosen for developing the models of MLP, ANFIS and 

GRNN (Table 4.4). 

 

Table 4.4 Input combinations for model development 
 

Input type Turbidity Temperature pH Conductivity 

1 I    

2 I I   

3 I  I  

4 I   I 

5 I I I  

6 I I  I 

7 I  I I 

8 I I I I 

 

4.1.4  Model development 

 

Based on the previous researches, the evaluation of each model of MLP was performed 

with various neuron quantities of hidden layer from the initial size to the maximum size in 

equation (4) to trace the best model which results in highest correlation coefficient and the 

lowest RMSE for the test data set. Two functions of tangent sigmoid and linear are applied 

for two layers of hidden and output respectively. The MLP models are trained by the LM 

algorithm. Cross-validation criterion is applied as a termination condition to prevent over-

fitting. The parameters and their values used in MLP model development are summarized 

in Table 4.5. 

The spread parameter constant for GRNN is investigated to discover ideal value by varying 

range of spread value from 0.1 to 5 with a resolution of 0.1. The spread value which results 

in best performance with the lowest RMSE and the highest correlation coefficient on the 

test data set is chosen. The MLP and GRNN models are built by Neural Networks Toolbox 

of MATLAB R2014 program. 

  

Table 4.5 Parameter settings of MLP model development 
 

 Parameter Value 

Geometry Number of hidden layer 1 

Transfer function 

(TF) 

Hidden layer Tangent sigmoid 

Output layer Linear 

LM algorithm 

Performance function Mean squared error 

Training strop criterion Cross-validation stop 

Maximum continuous fail of validation 6 

Maximum epochs 500 
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In ANFIS model development, there is no way to choose cluster number for a given huge 

data, hence subtractive clustering algorithm is applied in this research. The membership 

functions are selected as Gaussian type. Fuzzy inference systems are developed by Sugeno 

method with first order polynomial. In subtractive clustering, finding optimum influential 

radius is the most important (Chiu 1994). In general, small clusters of study domain 

resulting in more rules are made by a small radius. In this research, six radius values are 

applied to find the best candidate models: 0.3, 0.2, 0.1, 0.09, 0.08 and 0.07. Best radii are 

selected according to simulation results for the test phase. Cross-validation is implemented 

for fuzzy inference model to prevent over-fitting. ANFIS models are trained in the 

MATLAB 2014 program by Fuzzy Logic Toolbox. The parameter values used for 

development of the models sum up in Table 4.6. 

 

Table 4.6 Parameter settings of ANFIS model development 
 

 Parameter Value 

Geometry Number of layers excepting 5 

Membership 

function (MF) 

Shape Gaussian 

Number Number of clusters by subtractive 

Hybrid 

algorithm 

Performance function Root mean squared error 

Strop criterion Epoch number reach 

Prevent over-fitting Minimum validation error criterion 

Maximum epochs 500 

 

4.1.5  Result and discussion 

 

Each four candidate models from MLP, ANFIS and GRNN methods with different input 

and architecture are selected by statistical evaluation on training, validation and testing 

data set in Table 4.7. From this table, the bold values denote the best-fit model of each 

method. It should be noted from the table that the models with all four input variables 

(input type 8) have the best-fit performances compared with the models with less variables. 

This is evidence showing that four variables of raw water quality have strong relationship 

with coagulant dosage. Moreover it is proven that turbidity and temperature are the most 

relevant parameters for predicting PAHCS dosage. MLP and ANFIS models perform much 

better than GRNN model. According to the testing results, the MLP(8,93) model is the best 

model considered from RMSE and R. 

 

Table 4.7 Performance of the candidate models from MLP, ANFIS and GRNN 
 

Model 

Training  Validation  Testing 

RMSE 

(mg/L) 

R RMSE 

(mg/L) 

R RMSE 

(mg/L) 

R 

MLP(2,105) 3.105 0.888 3.244 0.877 3.164 0.885 

MLP(5,86) 2.431 0.933 2.627 0.921 2.626 0.922 

MLP(6,122) 2.397 0.935 2.556 0.925 2.476 0.931 

MLP(8,93) 1.668 0.969 2.008 0.955 1.959 0.957 

ANFIS(2, 0.8) 3.206 0.880 3.338 0.869 3.232 0.879 

ANFIS(5, 0.7) 2.418 0.934 2.709 0.916 2.654 0.920 

ANFIS(6, 0.8) 2.349 0.937 2.532 0.927 2.509 0.929 

ANFIS(8,0.9) 1.766 0.965 2.046 0.953 2.007 0.953 

GRNN(2,0.4) 2.736 0.915 3.229 0.878 3.160 0.885 

GRNN(5,0.3) 2.257 0.943 3.016 0.895 2.948 0.901 



 

29 

 

GRNN(6,1.0) 1.602 0.972 2.615 0.922 2.560 0.926 

GRNN(8,1.0) 1.547 0.974 2.572 0.925 2.521 0.929 

Model definition: MLP(input type, number of hidden neuron), ANFIS(input type, cluster 

radius), GRNN(input type, spread constant) 

Figure 4.2 shows the performance of MLP with input type 8 with variation of the hidden 

neuron number from 3 to 105. As shown in the figure, the optimal neuron number is 93. 

The structure of the MLP model with input type 8 is shown in Figure 4.4. The performance 

of GRNN with input type 8 with variation of the spread constant is given in Figure 4.3. 

From this figure, it is noticed that spread constant of 1.0 is the best value for the model. 

Total 48 different models of ANFIS with different input combination and radius are 

simulated to find the best model. As shown in Table 4.7, ANFIS(8,0.9) model is found the 

best model with 72 fuzzy rules. The structure and optimized parameters of ANFIS(8,0.9) 

model are shown in Figure 4.5, Table 4.8 and 4.9. 

 

 
 

Figure 4.2 Variation of the hidden neuron number and performance of MLP with 

input type 8 

 

Figure 4.3 Variation of the spread constant and performance of GRNN with input 

type 8 
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Figure 4.4 Structure of MLP(8,93) neural network model 

 

 
Figure 4.5 Structure of ANFIS (8,0.9) model 

Table 4.8 Parameters of input membership functions for ANFIS(8,0.9) model 
 

Membership 

function’s 

Turbidity Temperature pH Conductivity 

                

MF1 3.976 14.007 3.362 0.873 8.170 0.084 359.275 13.563 

MF2 4.240 14.007 24.97 0.868 7.378 0.076 359.804 13.563 

MF3 7.555 14.007 7.311 0.870 8.273 0.085 384.714 13.563 

. 
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. 

. 

. 

. 

MF71 6897 14.006 22.481 0.855 7.380 0.045 248.789 13.563 

MF72 20.631 14.007 17.798 0.871 7.447 0.067 250.263 13.563 

  represents Gaussian MFs center (location) and   defines the peak width of the MFs 

 

Table 4.9 Fuzzy rule for ANFIS(8,0.9) model 
 

Rule 

number 

Rule description 

1 

If Tub is Tub-MF1 and Tem is Tem-MF1 and pH is pH-MF1 and Con is 

Con-MF1 = 0.7023*Tub - 1.0486*Temp + 1.7983*pH - 0.0669*Con + 

30.2778   
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2 

If Tub is Tub-MF2 and Tem is Tem-MF2 and pH is pH-MF2 and Con is 

Con-MF2 = -0.0093*Tub – 0.8349*Temp – 4.4905*pH – 0.0281*Con + 

89.8756   

3 

If Tub is Tub-MF3 and Tem is Tem-MF3 and pH is pH-MF3 and Con is 

Con-MF3 = -0.0910*Tub + 0.3151*Temp + 4.0577*pH – 0.0164*Con + 

4.3042   

. 

. 

. 

. 

. 

. 

71 

If Tub is Tub-MF71 and Tem is Tem-MF71 and pH is pH-MF71 and Con 

is Con-MF71 = 0.4410*Tub - 1.3147*Temp – 5.9224*pH + 0.5791*Con – 

59.2670   

72 

If Tub is Tub-MF72 and Tem is Tem-MF72 and pH is pH-MF72 and Con 

is Con-MF72 = 0.2205*Tub - 1.3954*Temp - 3.7639*pH – 0.0608*Con + 

98.8700   

Tub: turbidity, Tem: temperature, Con: conductivity 

 

According to the result of external verification indices in Table 4.10, MLP and ANFIS 

models fulfill all the conditions of assessment, which means the prediction performance of 

the two models are very high and reliable. GRNN model is not satisfied by   and   

requirements, but it still meets the other two conditions. From the results of ARE 

evaluation, it is shown that ANFIS model provides the most consistent prediction showing 

around 10% lower relative peak error than MLP model. Figure 4.6 illustrates graphical 

plots of both the measured value and the best-fit value by MLP, ANFIS and GRNN of the 

testing phase. It is clearly seen from the graphs that the predicted values of MLP and 

ANFIS are more similar to the measured PAHCS dosage value than the value of GRNN 

model and the prediction value of ANFIS follows the observed value more smoothly. 

 

Table 4.10 Statistical analysis of the best-fit models of MLP, ANFIS and GRNN 
 

Index Criterion MLP(8,93) ANFIS(8,0.9) GRNN(8,1.0) 

          -0.091 -0.096 -0.160 

          -0.090 -0.095 -0.157 

  
    

      0.652 0.643 0.542 

          0.917 0.913 0.862 

ARE (%) Min 0.005 0.002 0.002 

 Max 49.342 39.690 51.066 

 Mean 4.584 4.473 4.970 

Bold numbers are out of the recommended condition value. 
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Figure 4.6 The observed value and modeled PAHCS dosage by (a) MLP(8,93), (b) 

ANFIS(8,0.9), (c) GRNN(8,1.0) 



 

33 

 

The statistical evaluation indices used so far, are global indices and do not present any 

information on the prediction accuracy of turbidity variation. Therefore, in order to test 

robustness of each best-fit model with turbidity variation, the best-fit models of MLP, 

ANFIS and GRNN according to nine turbidity zones of raw water are evaluated by MAPE, 

RMSE, R, and    criteria again (Table 4.11 and 4.12). This evaluation is based on 3,504 

data from the validation and testing data sets, which are not used directly in training the 

models. 

 

Table 4.11 Comparison of the best-fit models of MLP, ANFIS and GRNN using four 

statistical indices 

Statistical measure MAPE RMSE R    
Ratio of average to  

standard deviation 
for PAHCS dosage 

Number 

of data 

Turbidity < 5 G A A A 5.307 666 

5  < Turbidity  < 10 A A A A 5.387 1,578 

10 < Turbidity < 15 A M M M 6.359 705 

15 < Turbidity < 20 A M M M 7.404 214 

20 < Turbidity < 30 M M M M 9.927 171 

30 < Turbidity < 40 M M M M 6.079 61 

40 < Turbidity < 50 M A A A 4.699 43 

50 < Turbidity < 60 M M M M 7.413 32 

60 < Turbidity < 450 G G G G 8.108 34 

M: MLP(8,93) is the best; A: ANFIS(8,0.9) is the best; G: GRNN(8,1.0) is the best 

 

Table 4.12 Statistical measure results of MLP, ANFIS and GRNN by raw water 

turbidity zones 
 

Statistical measure MAPE (%) RMSE 

Model MLP ANFIS GRNN MLP ANFIS GRNN 

Turbidity < 5 4.028 3.685 3.560 1.379 1.288 1.313 

5  < Turbidity  < 10 4.625 4.306 5.084 1.783 1.677 2.132 

10 < Turbidity < 15 4.652 4.416 5.180 1.894 1.932 2.440 

15 < Turbidity < 20 5.050 4.901 6.285 2.264 2.335 3.105 

20 < Turbidity < 30 4.904 6.034 5.179 2.194 2.699 2.572 

30 < Turbidity < 40 5.733 6.496 9.797 3.734 3.888 5.577 

40 < Turbidity < 50 9.474 10.854 14.404 6.400 6.255 9.846 

50 < Turbidity < 60 4.195 7.347 6.093 2.737 4.439 4.893 

60 < Turbidity < 450 3.851 6.390 2.562 2.402 4.080 2.260 

Statistical measure R    

Model MLP ANFIS GRNN MLP ANFIS GRNN 

Turbidity < 5 0.959 0.964 0.963 0.919 0.930 0.927 

5  < Turbidity  < 10 0.941 0.948 0.915 0.886 0.899 0.837 

10 < Turbidity < 15 0.914 0.910 0.855 0.835 0.829 0.727 

15 < Turbidity < 20 0.858 0.854 0.717 0.731 0.714 0.495 

20 < Turbidity < 30 0.801 0.687 0.689 0.596 0.389 0.445 

30 < Turbidity < 40 0.839 0.831 0.590 0.689 0.663 0.306 

40 < Turbidity < 50 0.781 0.782 0.300 0.552 0.572 -0.059 
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50 < Turbidity < 60 0.929 0.826 0.725 0.847 0.598 0.511 

60 < Turbidity < 450 0.934 0.801 0.936 0.854 0.579 0.870 

Bold numbers indicate the best performances in each turbidity zone. 

 

As given in Table 4.11 and 4.12, MLP model yields the best predictions in the whole 

turbidity range, whereas GRNN is the most inferior model in overall. However, it is 

obviously noticeable that each model is best-fit in certain turbidity zones. For turbidity 

zones under 10 NTU which are prevailing quality of raw water, ANFIS is better than 

GRNN and MLP. For high turbidity zones with the range from 10 NTU to 60 NTU, MLP 

results in better prediction performance than the others except a turbidity zone from 40 

NTU to 50 NTU. For the highest turbidity zone over 60 NTU which is critical for 

operation, GRNN shows better prediction than the other two models. 

In overall, the models of MLP and ANFIS show promising prediction accuracy similarly. 

However, MLP is better than ANFIS considered from its accuracy at high turbidity zones.  

The result is consistent with the result from Wu and Lo (2008) that MLP is suitable to 

predict coagulant dosage for high turbidity of water source. Meanwhile, as seen in Table 

4.11, PAHCS dosage data shows a large disorder at low turbidity zones, which have most 

of data patterns in this study domain, and a turbidity zone from 40 NTU to 50 NTU. Large 

disorder has low value of the ratio of average to standard deviation (Mohammad Z. K. & 

Mohammad T. 2008). It is noticed that ANFIS performs better than MLP as the degree of 

disorder of PAHCS dosage data increases with decreasing of the ratio value. This result 

confirms the results from the literature that neuro-fuzzy system is good at handling large 

amount of noisy data (Heddam et al. 2012; Michael 2005). GRNN model is inferior to 

MLP and ANFIS models in general; however it provides substantial improvement of 

prediction accuracy for sparsely extreme values of turbidity along with the advantage of 

fast training speed. Its accuracy rises up to 2.5 times of ANFIS and half time of MLP. This 

result also confirms that GRNN is preferable for sparse data in real-time situation (Heddam 

et al. 2011). Prediction results of three best-fit models of the influent turbidity over 60 

NTU are graphically compared in Figure 4.7. It is confirmed that the value of GRNN 

model tracks more closely toward the target than the other models on the whole. 

 

 
Figure 4.7 Comparison of the performance of best-fit models for influent turbidity 

over 60NTU 
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Based on the strength of each technique, performance improvement can be achieved by 

combining each best-fit model in specific turbidity zone. Figure 4.8 shows the observed 

PAHCS dosage versus the value of the combined model which further improves the 

statistical results of prediction on the testing phase. This enhanced performance is obtained 

by applying the best-fit models from three AI techniques to the best working turbidity 

zones respectively. The strength of each algorithm in the combined model can be 

summarized as follows; MLP has good prediction ability at high turbidity, ANFIS has 

more consistent result and gives better prediction at low influent turbidity and high 

disorder data, GRNN provides excellent performance for sparse data of extreme influent 

turbidity and swift training data without local minima. 

 

 
Figure 4.8 Observed versus predicted PAHCS dosage using the combined model on 

the testing phase 

 

4.2 Coagulation process and inverse coagulation process models using hybrid                                       

            approach of k-means clustering and ANFIS 

 

In this section, CP model which predicts settled water turbidity and ICP model which 

estimates optimal coagulant dosage by combining K-means clustering algorithm and 

ANFIS method are explained. 

 

4.2.1  Data processing 

 

Injecting coagulant according to raw water conditions at the present time will have impact 

on treated water quality after several hours because of lengthy process of WTP (Griffiths 

and Andrews 2011b). Thus, data shifting process is required to attain true relationship 

between input and output parameters. This data processing procedure shifts settled water 

quality forward from the time when coagulant dosage is injected. Hydraulic retention time 
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depending on flow rate through sedimentation basin and flocculation chamber can 

determine the duration of time shifting. The hydraulic retention time can be calculated 

from equation (24): 

   

      
  
    

  (24) 

where    is hydraulic retention time in an hour unit between current time step of dosing 

coagulant and time step of future; k is the number of hours required until         is less 

than one;            ,    is flow rate per hour at the i-th hour,   is time index in an hour 

unit (         ),    is the volume of sedimentation and flocculation basin.  

The number of data sets which is for developing models is reduced to 8755 after time 

shifting processing. Table 4.13 shows statistical characteristics of the processed data. 

 

Table 4.13 Statistical characteristics of processed data 
 

Category Variables Mean 
Standard 

deviation 

Coefficient 

of variation 
Min Max 

Raw water  

Turbidity  (NTU) 11.46 16.56 144.48 0.49 440.85 

Temperature ( ) 16.44 8.08 49.18 2.52 29.90 

pH 7.67 0.35 4.59 6.76 8.85 

Conductivity (㎲/㎠) 299.70 89.57 29.89 110.20 537.17 

Effluent 

settled water 
Turbidity  (NTU) 0.23 0.15 65.66 0.0002 1.31 

Operational 

parameters 

PAHCS dosage 

(mg/L) 
29.65 6.76 22.80 14.36 69.60 

Inflow rate (m
3
/hr) 2898 686 23.68 1029 4188 

Outflow rate (m
3
/hr) 3037 693 22.80 914 4445 

 

4.2.2  Hybrid of K-means clustering and ANFIS 

 

Figure 4.9 depicts the structure of K-means-ANFIS. Six main components are integrated 

into a hybrid approach.  

First of all, data division is done to prepare training, validation, and test data sets and they 

are assigned to corresponding clusters which is derived by K-means algorithm. In order to 

make optimal fuzzy inference system, ANFIS trains each cluster independently by means 

of training and validation sets. After that, a single whole system can be created by 

combining the fuzzy inference systems. Belonging of test data is decided using Euclidean 

distances between cluster centers and inputs, and the test inputs are evaluated through 

corresponding fuzzy inference system, and then whole outputs come out. MATLAB is 

used to combine two algorithms. 
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Figure 4.9 Structure of K-means-ANFIS model 

 

4.2.3  Model input selection and data division 

 

Table 4.14 presents the correlation coefficients to investigate contribution of the potential 

input parameters to the models. Two models are impacted by turbidity of raw water most 

with high value of R. CP model is particularly more influenced by conductivity than 

turbidity of raw water, whereas conductivity has little effect on ICP model. Two flow rates 

show least influence on both models. Based on correlation figures, four raw water quality 

parameters are chosen as input parameters of both models. The threshold value of 

correlation coefficient can be set as higher value than 0.1 according to Chen and Liu 

(2014) to determine input variables among many potential parameters. 

 

Table 4.14 Correlation coefficients between input and output parameters 
 

Parameter type Potential input Process model output Inverse model output 

 Parameter Settled water turbidity Coagulant dosage 

Raw water quality Turbidity 0.516 0.534 

 Temperature 0.275 0.153 

 pH -0.289 -0.246 

 Conductivity -0.522 -0.135 

Flow rate Inflow 0.089 0.055 

 Outflow 0.100 0.081 
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Settled water quality Turbidity   0.481 

Process control Coagulant dosage 0.481  

 

The separation of 8755 data is executed on the same plan as CDP model in the Section 

4.1.2. As the result, 5253 training set, 1751 validation set and 1751 testing set are created 

respectively from 8755 data. 

 

Table 4.15 Basic Statistics for three data sets 
 

Parameter Data sets Tub Tem pH Con CD SWT 

Mean 

Training 11.45 16.35 7.67 300.67 29.64 0.23 

Validation 11.23 16.50 7.67 300.85 29.65 0.23 

Test 11.73 16.64 7.67 295.61 29.66 0.23 

Standard 

deviation 

Training 16.32 8.05 0.35 90.40 6.75 0.15 

Validation 15.47 8.09 0.35 89.09 6.75 0.15 

Test 18.25 8.18 0.36 87.46 6.79 0.16 

Tub: turbidity, Tem: temperature, Con: conductivity, CD: coagulant dosage, SWT: settled 

water turbidity 

 

4.2.4  Model development 

 

As described in Section 4.1.4, this research uses genfis2 function in Fuzzy Logic Toolbox 

of MATLAB to develop ANFIS model and applies subtractive clustering algorithm to 

generate fuzzy inference system with first-order model from Sugeno. Gaussian function is 

used for membership functions. The training data are analyzed and divided by subtractive 

clustering method with optimal radius value and the cluster centers. Radius parameter 

regulates the area of influence of a cluster in each dimension in subtractive clustering 

method. The radius values from 0.07 to 0.5 (with increment of 0.01) are investigated with 

test set by trial and error to discover an ideal value with best prediction results.  

In ANFIS, over-fit of the data might happen, especially when the model is trained with too 

many membership functions with small radius value.  Hence, cross-validation is carried out 

to prevent over-fitting which degrades the generalization capability of the model. 

Validation data makes it possible to choose the model parameters associated with the 

minimum validation error. For comparison with ANFIS model, ANN technique is applied 

to make a model using simulation functions of Neural Network Toolbox in MATLAB. A 

way using the proportion of the number of connection weights to the number of training 

data is considered to select the quantity of hidden neurons by Weigend et al., (1990).  The 

simulation parameters of MLP and ANFIS are the same as those in Table 4.5 and 4.6.  

 

4.2.5  Result and discussion 

 

According to the structure of K-means-ANFIS, data normalization has to be preceded 

because it helpful to make good clusters while enhancing the accuracy of result for 

classifying 4-dimensional raw water quality. The classified groups express distinctive 

process states of WTP according to the influent water. In this research, Z-score method is 

utilized in order to convert raw water quality data into specific ranges because Z-score 

leads to effective result when K-means technique is applied (Mohamad and Usman, 2013). 

Z-score of original data ( ) is expressed by standard deviation ( ) and average value (  ) by 

normalization process from Eq. (25) and it gives all variables unity variance and zero mean 

in the end. 
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Z-score   
     

 
 (25) 

   

Silhouette criterion by Rousseeuw (1987) and Davies-Bouldin criterion by Davies and 

Bouldin (1979) are popularly used for K-means clustering in deciding cluster number. 

Graphical representation of result can be obtained by Silhoutte plot. This plot simply draws 

how each cluster contains their objects. Moreover, similarity of each point among points in 

the same cluster can be found by silhouette value. On the other hand, Davies-Bouldin 

index gives ideal cluster number using distances among clusters. Minimal value of this 

criterion means that cluster number is ideal. Figure 4.10 provides Silhouette plot and 

Davies-Bouldin index for four dimensional raw water parameters. From Silhouette plot, it 

can be seen that clusters are spilt well from the adjacent clusters because four clusters have 

quite high positive Silhouette values (average: 0.61). The Silhouette results of three 

clusters and five clusters are shown in Appendix 3. 

 

Figure 4.10 Silhouette plot and Davies-Bouldin index in K-means clustering for raw 

water quality 

 

Center vectors of the clusters characterize four distinct states of raw water quality 

representatively (Table 4.16). Cluster 1 characterized rainy summer season with the lowest 

pH, high turbidity and conductivity. The period from summer to late fall season is 

described by cluster 2 with the highest temperature, high turbidity and low-to-medium pH. 

Cluster 3 with lowest temperature, highest pH, and lowest turbidity distinguishes cold 

season that spans from December to April from other periods. The data of cluster 4 with 

largest sample size and the most frequent condition spread from April to December. K-

means clustering separated the whole data set into four distinct groups successfully (Figure 

4.9).  However, the data of cluster 1 and 2 are combined to develop generalized a model 

because the number of data in cluster 1 is not sufficient for training, validation and test. 

The results of K-means-ANFIS models of cluster 1 are shown in Appendix 2. 
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Table 4.16 Cluster center by K-means clustering 
 

Cluster Turbidity 

 

Temperature 

 

pH Conductivity 

 

Observed 

counts 

1 307.32 23.27 6.85 119.61 13 

2 43.30 24.25 7.10 171.70 553 

3 6.82 7.41 7.92 382.15 3230 

4 10.10 21.43 7.57 260.74 4959 

 

 
 

Figure 4.11 Cluster-specific allocations of four dimensional raw water quality 

parameters 

 

Table 4.17 presents the performances of process models using K-means-ANFIS. Linguistic 

rules of the models are chosen as 13, 15, 113 respectively. An output can be predicted from 

the five given inputs in fuzzy logic toolbox in MATLAB as shown Figure 4.12. It can be 

seen that all models have strong correlation between the observed and the predicted values 

because all correlation coefficients are higher than 0.8. Cluster 3 model is most superior in 

terms of RMSE and MAPE and cluster 4 shows best result in R and   . It is said that a 

model with value over 0.8 of    is excellent, thus cluster 4 model is the most accurate 

model (Shu and Quarda, 2008). Cluster 1&2 model recorded the lowest capability because 

there are biggest ranges of turbidity in raw and settled water (0.16-1.30 NTU) in spite of its 

having the smallest number of data. 

 

Table 4.17 Performance CP models by K-means-ANFIS 
 

Cluster Radii Training Test 

  RMSE 

(NTU)  

MAPE 

(%) 

R    RMSE 

(NTU)  

MAPE 

(%) 

R    

1 & 2 0.21 0.065 8.77 0.942 0.887 0.112 14.05 0.859 0.738 

3 0.1 0.025 13.50 0.933 0.870 0.030 13.36 0.888 0.781 

4 0.09 0.039 14.19 0.965 0.932 0.060 22.76 0.920 0.846 
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Figure 4.12 Fuzzy rules of cluster 1&2 process model  

 

The accuracy evaluation of ICP models using K-means-ANFIS is presented in Table 4.18. 

Each optimal cluster radius generates 8, 55, 113 linguistic rules in three models 

individually for inference systems. The high values of R and    over 0.8 demonstrate that 

three models have accurate prediction capability. Like the CP model result, cluster 1&2 

model results in lowest outcomes as well because coagulant dosage range is wide (27.39-

69.59 mg/L) compared to the smallest number of data.  Best performance comes from 

model of cluster 3. From the Figure 4.13, it can be confirmed again that coagulant dosage 

is intricately nonlinear to parameters. 

 

Table 4.18 Performance of ICP models by K-means-ANFIS 
 

Cluster Radii Training Test 

  RMSE 

(mg/L)  

MAPE 

(%) 

R    RMSE 

(mg/L) 

MAPE 

(%) 

R    

1 & 2 0.26 2.356 3.79 0.966 0.934 4.099 5.71 0.899 0.802 

3 0.1 0.813 1.846 0.990 0.979 1.236 2.87 0.976 0.952 

4 0.09 1.008 2.436 0.980 0.961 1.712 3.99 0.942 0.885 
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Figure 4.13 3D response surface graphs of cluster 3 model 

 

K-means-ANFIS yields not only higher R and    but also lower RMSE and MAPE than a 

single ANFIS. Only the ANFIS CP model of cluster 3 has slightly better than K-means-

ANFIS model, however it is not significant. Among models, models from cluster 1 & 2 

show substantially enhanced performances. It can be inferred by the reason that MFs from 

K-means-ANFIS get more fit to the model with wider range of turbidity of raw water than 

a single ANFIS. The MFs of influent turbidity is illustrated in Figure 4.14. 

 

Table 4.19 Performance comparison of K-means-ANFIS and ANFIS 
 

Model Cluster K-means-ANFIS ANFIS (79 fuzzy rules) 

  RMSE 

(NTU)  

MAPE 

(%) 

R    RMSE 

(NTU) 

MAPE 

(%) 

R    

Process 1 & 2 0.112 14.05 0.860 0.738 0.137 17.23 0.781 0.609 

 3 0.030 13.36 0.888 0.781 0.030 14.95 0.890 0.788 

 4 0.060 22.76 0.920 0.846 0.063 25.10 0.911 0.830 

Inverse 1 & 2 4.099 5.71 0.899 0.802 4.997 7.00 0.846 0.712 

Process 3 1.236 2.87 0.976 0.953 1.365 3.01 0.971 0.942 

 4 1.712 3.99 0.942 0.885 1.805 4.43 0.935 0.872 
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Figure 4.14 Membership functions of influent turbidity in CP model of cluster 1&2 by 

a: K-means-ANFIS, b: ANFIS 

 

Prediction performance comparison among K-means-ANFIS, ANFIS, and ANN is given 

from Table 4.20. K-means-ANFIS models are outcomes obtained by integrating three sub 

models of CP and ICP respectively. 

 

Table 4.20 Comparison of CP and ICP models by K-means-ANFIS, ANFIS and ANN 
 

Model Index K-means-ANFIS ANFIS ANN 

Process RMSE (NTU) 0.057 0.062 0.063 

 MAPE (%) 18.75 20.87 23.80 

 R 0.933 0.919 0.917 

    0.870 0.844 0.841 

   
  0.556 0.511 0.505 

Inverse RMSE (mg/L) 1.848 2.075 2.227 

Process MAPE (%) 3.70 4.13 5.003 

 R 0.962 0.952 0.945 

    0.926 0.907 0.892 

   
  0.674 0.630 0.600 

 

All models turn out to be good models satisfying the evaluation indices: R > 0.8,     > 0.8, 

  
  > 0.5. However, K-means-ANFIS models are still superior to others for all assess 

criteria. Therefore, developing CP and ICP models applying hybrid method of K-means-

ANFIS can be more effective than using single AI techniques. Graphical comparisons 

among three models of CP and ICP are given in Figures.4.15 -17. 

To verify the effectiveness of K-means-ANFIS approach, it has to be compared with 

several literatures on modeling of CP and ICP as presented in Table 4.21. ICP model of 

Zhang and Stanley had good performance with    value of 0.95; the model had limitation 

that all seasonal variations of effluent turbidity did not covered for developing the model. 

Models of CP and ICP by Maier et al. had excellent result; however the models were 

trained and tested with small number of bench scale data. Therefore, their models are not 

appropriate to apply to WTP in real-time. Although the CP model by Kennedy et al. 

achieved good performance with the R value of 0.91, however it is due to the fact that the 

model was derived by relatively stable influent turbidity from 1.9 to 37.7 NTU. In other 

words, this model could not respond swiftly to abrupt variations water quality. The 

seasonal CP and ICP models from Griffiths and Andrews has most analogous conditions to 

this research, however K-means-ANFIS models were better than these seasonal models 
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despite its using less inputs. Taking all of the above into consideration, K-means-ANFIS 

approach is superior to others in the literatures in case of a full-scale model including all 

seasons is required for WTP. 

 

Table 4.21 Summary of process and inverse process ANN models on coagulation in 

the literatures 

Literature Number 

of inputs 

Data samples    (R) Model 

K-means-ANFIS 5 FS, 1[h], 

8755 

0.87 (0.93) CP 

5 0.93 (0.96) ICP 

Zhang and Stanley 

(1999) 

10 FS, 1745 0.24 CP 

 10  0.95 ICP 

Maier et al. (2004) 7 BS, 202 0.90 CP 

 9  0.94 ICP 

Griffiths and 

Andrews  

(2011a) 

12 FS, 1[h] 0.79 CP (Fall) 

10  0.71 CP (Spring) 

10  0.63 CP (Winter) 

12  0.89 ICP (Fall) 

10  0.82 ICP (Spring) 

10  0.78 ICP (Winter) 

Kennedy et al. 

(2015) 

9 FS, 24[h] (0.91) CP 

FS: Full scale, BS: Bench scale 
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Figure 4.15 Observed and predicted settled water turbidity by a: K-means-ANFIS, b: 

ANFIS, c: ANN 
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Figure 4.16 Observed and predicted coagulant dosage by a: K-means-ANFIS, b: 

ANFIS, c: ANN 
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Figure 4.17 Correlation plots of process models by a: K-means-ANFIS, b: ANFIS, c: 

ANN; inverse process models by d: K-means-ANFIS, e: ANFIS, f: ANN 
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4.3 Model improvement with Recurrent ANFIS 

 

In this section, CP model using recurrent structure of ANFIS to predict settled water 

turbidity is considered.  

 

4.3.1  Background 

 

Modeling of water treatment processes is very important because low quality water causes 

not only health-related problems but also economic losses. This issue requires new 

methods for water process monitoring and diagnosis. Water quality can be measured by 

many parameters. In general condition of drinking WTP, among them turbidity is a 

common measure (WHO, 2006). The efficiency of coagulation process has been measured 

by turbidity in many drinking WTP; specifically settled water turbidity was used for 

immediate evaluation of coagulation (Maier et al., 2004). Prediction of settled water 

turbidity facilitates measurement of deterioration or excessiveness of water quality before 

it is recognized by operators. Therefore, it can be used for operating to satisfy required 

target quality and reduction of expensive coagulation wastes. However, turbidity modeling 

is challenging task because many variables and phenomena influence on it. As seen in 

Section 4.2, the performance of CP model is quite lower than ICP model not only in the 

literature but also in this research. 

Settled water turbidity is a time-dependent process is a function of past parameters 

(Krishnaiah et al., 2006). This indicates that the turbidity of settled water at the current 

time is influenced by raw water quality and coagulant dosage several hours earlier. 

Therefore, a possibility of performance enhancement by taking recurrent neural networks 

for modeling settled water turbidity. Krishnaiah et al. (2006) developed Elman recurrent 

network (ERN) and MLP to model turbidity by reflecting the process dynamics at Moyog 

WTP, Kota Kinabalu, Sabah, Malaysia. However, they concluded that Elman network 

which had recursive architecture did not show significant improvement compared to MLP. 

There are several widely used AI techniques to model the dynamic behavior: for examples, 

time-delayed neural network (TDNN), nonlinear autoregressive exogenous neural 

networks (NARX), ERN. According to the literatures, NARX consistently outperforms in 

prediction accuracy than TDNN and ELN architectures (Menezes Jr et al., 2008; Gomes et 

al., 2015; Assaleh et al., 2015). 

Therefore, this section will focus on modeling of settled water turbidity by applying 

NARX structure to ANFIS CP model.  

 

4.3.2  NARX-ANFIS model with typical recurrent input 

 

NARX structure is widely used for nonlinear dynamic system modeling and identification. 

NARX has recurrent architecture which the inputs and/or the output from the current and 

previous steps are fed back to the network to predict the result of the following step. 

NARX structure can be described with input u and output y by the following equation 

(Babsuka and Verbruggen, 2003): 

 

                                             (26) 

 

where        represents the predicted output at the future moment       and dynamic 

order of the system is determined by    and    lags. NARX structure is shown in Figure 

4.18. 
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Figure 4.18 NARX structure  

 

The final goal in this structure is to find an appropriate function f in equation (26). To 

approximate function f, neural network and neuro-fuzzy can be used. Both of methods are 

accurate estimators in nonlinear system modeling and do not have substantial differences. 

Because the interpretability of the system and the ability to avoid local minima are 

important as well, hence neuro-fuzzy is a good choice as a function approximator 

(Annabestani and Naghavi, 2014).  

According to the preprocessed data, six possible combination of inputs composed of the six 

parameters, including one hour ahead feedback value of the settled water turbidity 

processed in Section 4.2.1, are used for predicting settled water turbidity (Table 4.22). As 

in Section 4.2.3, 8755 data are split into same number of data set for training, validation, 

and testing. Since the feedback value of settle water turbidity is required to develop the 

model, 5252 training data sets are used for training the network. 

 

Table 4.22 Input combinations of NARX-ANFIS model 
 

Input 

type 

RW 

Tub 

(t) 

RW 

Temperature 

(t) 

RW 

pH 

(t) 

RW 

Conductivity 

(t) 

PAHCS 

dosage 

(t) 

SW 

Turbidity 

(t-1) 

1     I I 

2 I    I I 

3 I I   I I 

4 I I I  I I 

5 I I I I I I 

6 (Time series)     I 

RW: raw water, SW: settled water 

  

The parameters for NARX-ANFIS simulation are the same as CP model by K-means-

ANFIS. However, the value of radius is fixed at 0.3. The results are summarized in Table 

4.23 from evaluation of NARX-ANFIS model on the test data set. According to the results, 

all models show better performance for predicting the next value of settled water turbidity 

compared to the performance of static ANFIS and ANN model as discussed in Section 4.2. 

However, there is no significant difference among the six models. However, the model 

with input type 6 shows the best result in MAPE criteria. In other words, the five input 

parameters except the feedback value do not contribute to improve the performance of the 
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model. This is because all models return the values very close to the given feedback values 

from the observation data 1 hour earlier. A previous research found that strongly auto-

correlated data series confused the network and caused the network model to assign greater 

weights on the trend of the data series rather than the detail individual differences of 

network inputs (Zhang and Stanley, 1997). Therefore, NARX-ANFIS model with typical 

recurrent input from time-series output loses the ability to represent relationship between 

inputs and outputs. 

 

Table 4.23 Results of NARX-ANFIS models with typical recurrent input 
 

Input 

type 

Number of 

 input 

RMSE 

(NTU)  

MAPE 

(%) 

R    

1  2 0.0302 7.56 0.9818 0.9638 

2 3 0.0302 7.41 0.9819 0.9637 

3 4 0.0302 7.76 0.9818 0.9637 

4 5 0.0302 7.44 0.9817 0.9637 

5 6 0.0321 7.53 0.9793 0.9589 

6 1 0.0302 7.37 0.9817 0.9636 

 

4.3.3  NARX-ANFIS model with proposed recurrent input 

 

A strong autocorrelation in the sequence of data means that the settled water turbidity 

value at present hour is very closely related to the turbidity values at previous hours, 

especially to the value of turbidity at one hour earlier. Therefore, times series models of 

NARX structure with an hour earlier feedback output are modeled. These models actually 

fail to predict future value of settled water turbidity due to strong autocorrelations between 

the current output value and the feedback input from time series output. To solve this 

problem, it is proposed that settled water turbidity values which are not shifted to future are 

applied as feedback inputs to NARX-ANFIS model. These feedback values can weaken 

the effect of autocorrelation but should not be eliminated because they are not time series 

values any more. The proposed approach can make NARX-ANFIS model to adjust to form 

the relationship of input and output, hence, the strong correlation problem can be solved.  

 

Table 4.24 Input and feedback delay combinations for the proposed NARX-ANFIS 

model 
 

Input 

type 

RW 

Turbidity 

(t) 

RW 

Temperature 

(t) 

RW 

pH 

(t) 

RW 

Conductivity 

(t) 

PAHCS 

dosage 

(t) 

SW raw 

Turbidity 

(t-d) 

1     I I 

2 I    I I 

3 I I   I I 

4 I I I  I I 

5 I I I I I I 

6      I 

RW: raw water, SW: settled water, d: feedback delay (0 ~ 7 hour) 

 

As feedback values of settle water raw turbidity are required to develop each model that 

has different feedback delay, different numbers of three data sets are set for developing the 

models at the ratio 3:1:1 as given in Table 4.25. 
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Table 4.25 Numbers of data set for eight models with different feedback delay 
 

Model d=0 d=1 d=2 d=3 d=4 d=5 d=6 d=7 

Training 5253 5252 5252 5252 5251 5250 5250 5249 

Validation 1751 1751 1751 1751 1751 1751 1750 1750 

Test 1751 1751 1750 1749 1749 1749 1749 1749 

d is delay time (hour unit) 

 

To verify the individual input differences of NARX-ANFIS model, six models which have 

one hour delayed feedback input (d=1) are evaluated by four indices at 0.3 radius value on 

the test phase the same way as NARX-ANFIS models in Section 4.3.2. The model 

evaluations are given in Table 4.26.  

 

Table 4.26 Results of NARX-ANFIS models with the proposed recurrent input 
 

Input 

type 

Number of 

 input 

RMSE 

(NTU)  

MAPE 

(%) 

R    

1  2 0.067 20.25 0.909 0.823 

2 3 0.065 20.46 0.913 0.830 

3 4 0.064 20.19 0.917 0.839 

4 5 0.062 19.93 0.923 0.849 

5 6 0.059 18.53 0.928 0.860 

6 1 0.068 20.52 0.906 0.817 

 

According to the results, all models do not lose the ability to differentiate the results from 

six different inputs. In other words, there are substantial differences among six models as 

the number of input varies. Time series model of input type 6 shows good results in all 

evaluation criteria, whereas the prediction result improves as the number of input 

increases. This improvement due to more inputs is consistent with the results of the 

previous experiments. Moreover, the prediction ability of the proposed NARX-ANFIS 

model is much superior to the general ANFIS model performance as shown in Table 4.27 

owing to the influence of the feedback value which is the output for raw water quality and 

coagulant dosage at certain past moment. Therefore, the models including feedback input 

of settled water turbidity measured one hour earlier are able to overcome strong auto-

correlation problem of NARX-ANFIS model with time series feedback value, and can 

predict future settled water turbidity corresponding to raw water quality at the current time 

more precisely by reflecting the trend of settled water turbidity as well as contribution of 

coagulant dosage and raw water quality.   

 

Table 4.27 Performance of ANFIS models without feedback input at radius of 0.3 
 

Model type Number of 

 input 

RMSE 

(NTU)  

MAPE 

(%) 

R    

ANFIS 5 0.079 32.11 0.869 0.753 

 

The proposed ANFIS-NARX models with feedback input from past outputs at different 

time lags are then evaluated individually at radius of 0.3 as shown in Table 4.28 so as to 

decide the optimal dynamic order of output feedback. 
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Table 4.28 Results of eight models of input type 5 with different values of feedback 

delay 

Feedback 

delay 

RMSE 

(NTU)  

MAPE 

(%) 

R    

d=0  0.056 16.861 0.935 0.874 

d=1 0.059 18.534 0.928 0.860 

d=2 0.061 19.996 0.923 0.851 

d=3 0.064 21.428 0.915 0.837 

d=4 0.064 22.146 0.915 0.838 

d=5 0.064 22.309 0.915 0.836 

d=6 0.065 24.774 0.912 0.832 

d=7 0.067 24.293 0.906 0.820 

 

Table 4.28 shows simulation results of eight models with input type 5 among total 48 

models. As shown in the table, a model with zero value of feedback delay of settled water 

raw turbidity has the best performance in all evaluation indices. From table 4.29, it is 

recognized that settled water turbidity at the same time as the general inputs has smallest 

correlation coefficient with model output. This relatively small value at present sample of 

settled water turbidity makes the model avoid confusing network and increase prediction 

performance by giving the model information of output trend.    

 

Table 4.29 Analysis of correlation coefficient between model outputs and feedback 

values 

 Model 

output 

Settled water raw turbidity 

 (t-1) (t) (t-1) (t-2) (t-3) (t-4) (t-5) (t-6) (t-7) 

Model 

output(t) 

0.983 
Time series 

0.923 0.941 0.962 0.986 0.987 0.969 0.950 0.933 

 

Therefore, the proposed ANFIS-NARX model can be represented as follows: 

 

                   (27) 

 

where      represents the predicted output at the future moment (p) that depends on 

retention time which varies with the flow rate during coagulant dosing and measurement of 

settled water turbidity. Retention time influences static input-output mapping. The use of 

constant retention time such as average was not recommended (Zhu et al., 1998). The 

target of using ANFIS technique in the proposed model is to find the optimal function for 

accurate approximation of settled water turbidity. As seen in equation (27), the proposed 

model has one more input than ANFIS model in Section 4.2. The proposed model needs to 

be optimized by the hybrid algorithm of ANFIS to find optimal cluster radius which 

minimizes the errors between the observed values and the predicted values. According to 

the result in Table 4.30, the optimal cluster radius is determined to be 0.08 because the 

model shows the best result on the testing data set. In comparison with K-means-ANFIS 

approach in Table 4.31, the capability of NARX-ANFIS is slightly superior to K-means-

ANFIS model by adding simply just feedback value to input. Time-series plot of the 

proposed model is compared with K-means-ANFIS model in terms of the observed and the 

estimated value in Figure 4.19. 
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Table 4.30 Performance of semi-ANFIS-NARX model with different cluster radius 
 

radius RMSE 

(NTU)  

MAPE 

(%) 

R    

0.3  0.056 16.86 0.935 0.874 

0.2 0.056 16.76 0.936 0.877 

0.1 0.055 16.49 0.937 0.878 

0.09 0.055 16.30 0.938 0.880 

0.08 0.054 16.03 0.939 0.882 

0.07 0.055 16.01 0.939 0.881 

 

Table 4.31 Performance comparison of K-means-ANFIS and NARX-ANFIS models 
 

Model type Number of 

 input 

RMSE 

(NTU)  

MAPE 

(%) 

R    

K-means-ANFIS 5 0.057 18.75 0.933 0.870 

NARX-ANFIS 6 0.054 16.03 0.939 0.882 

 

 
Figure 4.19 Observed and predicted settled water turbidity by a: proposed ANFIS-

NARX, b: K-means-ANFIS 
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CHAPTER 5 

CONCLUSION AND RECOMMENDATIONS 

 

5.1  Conclusion 

 

The objective of this dissertation presented in Section 1.3 draw the following conclusions. 

 

In this research, MLP, GRNN, ANFIS with subtractive clustering, and K-means clustering 

techniques were successfully employed to build a decision support tool to determine 

coagulant dosage under full scale data from Bansong WTP (South Korea). In the model 

development process, various input combinations and extensive range of parameters of 

each algorithm were simulated to find the optimal architecture. Cross-validation technique 

was applied to ensure the generalization of the models. Effective statistical indices were 

used for rigorous model evaluations. 

As for the CDP modeling, the results of preliminary evaluation indicated that all the four 

candidate models obtained by MLP, ANFIS and GRNN were capable of predicting 

PAHCS dosage with high degree of accuracy. Especially, it was shown that turbidity and 

temperature were the most effective parameters for modeling. Besides, the accuracy of the 

models became higher when more variable were used as input, which proved that the 

coagulation process had complex nonlinearity characteristics of all the four parameters of 

influent water quality. By comparing performance of the best-fit models from each method, 

it was seen that, MLP method led to the best result with low RMSE and high R while 

satisfying all external validation metrics. MLP method also had exceptional prediction 

ability at high turbidity zones over 10 NTU. However, it was found that MLP did not 

provide the best performance for all turbidity zones. ANFIS also provided good prediction 

ability similar to MLP, and it had the most consistent prediction results overall. 

Particularly, it provided more reliable prediction accuracy than MLP at low turbidity zones 

and a turbidity zone from 40 NTU to 50 NTU which had relatively high disorder of 

PAHCS dosage data. The GRNN model showed inferior performance compared to MLP 

and ANFIS models. It however provided outstanding prediction accuracy at highest 

turbidity zone where operation was the most critical. From these results, it was concluded 

that integration of three techniques depending on influent turbidity zones could achieve 

more reliable and accurate prediction of coagulant dosage than individual use of the 

method during rainy season as well as non-rainy season. In addition, GRNN could be 

utilized for predicting coagulant dosage in case of real-time situation which required 

prompt decision of coagulant dosage. 

As for CP and ICP modeling, this research devised hybrid approach using K-means-

ANFIS. Widespread influent water was successfully characterized into four distinguished 

categories by K-means clustering. Then small models were made on clustered data itself, 

and merged into completed one model. The results demonstrated the hybrid approach 

works better than a single AI approach. Especially, cluster 1&2 models accounting for 

rainy season achieved the most improved results which are improvements of 21.2%, 12.6% 

in    index for CP and ICP model, respectively. Operators, therefore, could select K-

means-ANFIS model as a more precise tool during summer with heavy rainfall. 

Furthermore, the proposed hybrid approach could be effective decision supports to 

operators on control of water quality and operational costs simultaneously. 

As a way to improve CP model, recurrent ANFIS models were developed and evaluated by 

using NARX-ANFIS method. NARX-ANFIS models with typical feedback of time series 

output showed exceptional prediction ability in four evaluation criteria compared to the 

static models without feedback input, but they were not able to represent nonlinear 
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relationship between input parameters because of strong auto-correlation between feedback 

values of the output and the predicted outputs. Among the models, a time series NARX-

ANFIS model with only an input of feedback value achieved slightly better results than the 

other input type models despite least number of input parameters. Therefore, it could be 

concluded that NARX-ANFIS model with time series feedback was not capable of 

estimating future settled water quality by raw water quality and coagulant dosage. To 

overcome this problem in applying NARX structure, NARX-ANFIS with new recurrent 

input was proposed. The proposed method fed back settled water turbidity at present time. 

It did not make time-series forecasting like the typical NARX which made the network 

confuse to estimate output by inputs. The estimation accuracy of the proposed method was 

better than not only ANFIS model but also K-means-ANFIS model. Therefore, the 

proposed NARX-ANFIS could be another good choice for real-time coagulant dosing 

control by predicting future turbidity with present data of raw water quality and settled 

water turbidity which applied past trend information of the turbidity. On the other hand, the 

typical NARX-ANFIS could be used for predicting the trend of settled water turbidity by 

time series when there was no information on raw water quality. However, it had to be 

accompanied by a condition that proper amount of coagulant was dosed depending on raw 

water quality. 

 

5.2  Recommnedations 

 

The followings are recommendations for future research in this area. 

 

If there was more enough data in cluster 1, separate models of CP and ICP should be 

developed for rainy seasons with extreme high turbidity to give operators more accurate 

decisions. 

To predict ideal coagulant dosage to meet the target turbidity of sedimentation basin, the 

training data set should cover broad range of dosage and settled water turbidity. Therefore, 

the ICP model needs data set with wider range of settled water turbidity resulted from a 

variety range of coagulant dosage. Otherwise, the prediction model will be able to estimate 

accurately only within a limited range of settled water turbidity and dosage. 

The process of pre-ozonization and pre-chlorination are not considered because of data 

unavailability. The effect of pre-ozonization and pre-chlorination on coagulation process is 

relatively insignificant compared to the influences of raw water quality and coagulant 

dosage. However, they should be included to model coagulation process if there are 

available online data sets. 
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APPENDICES 

 

Appendix 1: Data Preprocessing 

 

Following figures show the time trend graphs before and after the error and outlier removal 

of collected raw data. 

 

 
Figure A1.1 Turbidity data before error and outlier removal 

 

 
Figure A1.2 Turbidity data after error and outlier removal 
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Figure A1.3 Conductivity data before error and outlier removal 

 

 
Figure A1.4 Conductivity data after error and outlier removal 
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Figure A1.5 Settled water turbidity data before error and outlier removal 

 

 
Figure A1.6 Settled water turbidity data after error and outlier removal 

 

 
Figure A1.7 PAHCS dosage data before error and outlier removal 
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Figure A1.8 PAHCS dosage data after error and outlier removal 

 

Table A1.1 Raw and preprocessed data after error and outlier removal 
 

Raw water Turbidity Conductivity PAHCS dosage 

Index 2708 69 7724 4404 6899 

Raw 26.6683 167.8683 135.7207 0 0 

Processed 9.3463 347.63195 190.78735 27.71371821 26.57437 

Settled water Turbidity 

Index 273 199 2224 2707 4500 4501 

Raw -0.0038 0.368 0.6763 0.4876 -0.58 -0.1122 

Processed 0.0036 0.0468 0.18925 0.1584 0.0606 0.1173 

Settled water Turbidity 

Index 4643 4859 5036 5101 6980 7666 

Raw 0.9284 0.7608 0.9067 0.9283 0.6811 0.9745 

Processed 0.1951 0.17085 0.30275 0.2143 0.18725 0.36565 
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Appendix 2: Results of K-means-ANFIS models of cluster 1 

 

Table A2.1 and A2.2 give the poor results of K-means-ANFIS model with only cluster 1 

data set which is insufficient to develop model. 

 

Table A2.1 Performances of K-means-ANFIS process models of cluster 1 with 

different cluster radius 

radius RMSE 

(NTU)  

MAPE 

(%) 

R    

0.5 0.358 42.00 -1 -42.942 

0.4 0.533 60.64 -1 -96.457 

0.3  0.495 56.83 1 -82.838 

0.2 0.764 82.99 -1 -199.015 

0.1 0.166 18.48 1 -8.429 

0.09 0.166 18.48 1 -8.429 

0.08 0.166 18.48 1 -8.428 

0.07 0.154 13.16 1 -7.116 

 

Table A2.2 Performances of K-means-ANFIS inverse process models of cluster 1 with 

different cluster radius 

radius RMSE 

(mg/L)  

MAPE 

(%) 

R    

0.5 4.483 7.38 -1 -2.318 

0.4 6.494 10.14 -1 -5.964 

0.3  8.300 12.47 -1 -10.374 

0.2 8.772 13.04 -1 -11.705 

0.1 8.774 13.04 -1 -11.713 

0.09 9.364 14.70 -1 -13.478 

0.08 8.774 13.04 -1 -11.713 

0.07 4.867 7.50 1 -2.912 
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Appendix 3: Silhouette results of three and five clusters 

 

Figure A3.1 and A3.2 show the Silhouette results when three and five clusters are selected 

for making sub models. 

 

 
Figure A3.1 Silhouette plot of 3 clusters (average Silhouette value: 0.598) 

 

 
Figure A3.2 Silhouette plot of 5 clusters (average Silhouette value: 0.542) 
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