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 The main objective of this study was to design and develop the feed forward neural network (FNN) model structures for forecasting of faecal 
coliform concentrations and microbial water quality in Gemlik, Karacabey and Mudanya coastal areas alongside the Sea of Marmara, Turkey. 

 Artificial neural networks (ANNs) are modeling tools for 
environmental parameters, especially water quality and provide working of 
inter-related multi parameters. In this study, 4 model structures were 
implemented to forecast the faecal coliform concentrations for the sea coasts 
of “Gemlik, Karacabey and Mudanya” alongside the Marmara Sea. Total 
coliform and faecal streptococci were input parameters. The 
Levenberg–Marquardt algorithm was applied for training the modeling 
studies. The results of the models were crosschecked with the real 
concentrations according to performance functions root mean squared error 
(RMSE).

 Comparison of the modeling results with the measured 
concentrations demonstrated that established model structures provided 
correct results. (R) Correlation coefficients were determined between 0.57 and 
0.98. It was observed that during the trials enhancing the hidden layer counts 
in the model structures did not increase the model performance in each test. 
Kind and count of inputs affected the model productivity. The growing rates of 
the coliform group bacteria were dissimilar because, different types of 
contaminants in the seawater affect the metabolism. The error values of the 
forecasting results applied in Gemlik and Mudanya Coasts were larger 
because there were large quantities of pollution loads and pollutant diversities. 

 The developed model structures could predict the microbial 
contamination in the coastal environments and provided information on the 
more effective integrated sea coast management and protection of human 
health.

 Faecal pollution, Feed forward neural network, Pathogenic 
microorganisms, Sea of Marmara, Water quality modeling 
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Introduction

Artificial neural networks have been used effectively for 
the last 60 years in the studies related to the environmental 
pollution, climatic change and planning of water resources (Morid 
et al., 2007; Rankovic et al., 2010, Kim and Valdes, 2003, Partal 
and Kişi, 2007, Reimer and Sodoudi, 2004, Belayneh and 
Adamowski, 2012, Mishra and Singh, 2010). Microbial pollution, 
limnological parameters, eutrophication state and other 
pollutants are the most studied topics of water resources (Brion 
and Lingireddy, 2003, Soyupak et al., 2003, Karul et al., 2000). 
Sea which is a big source of carbon sink and support large 
number of biodiversity is being considered as a part of much 
discussion in the scientific and social environment due to 
continuous increase of micobial and macrobial contaminations 
because it supports us socially, economically as well as 
ecologically.

Fecal indicator bacteria (FIB) are used as proxies to 
measure the microbial water quality of aquatic ecosystems 
(Katip, 2018). Methods of modeling FIB has evolved in order to 
provide accurate and timely prediction to inform decisions by 
governing authorities to prevent risks to public health 
(Vijayashanthar et al., 2018). 

Sea coasts are ever-mounting polluted and natural state 
of coastal zones is devastated, therefore sustainable use of 
coasts is difficult (Agúndez et al., 2014). This study is important in 
terms of environmental science and technology because ANN 
models provide completion of missing measurements and 
prediction of pollution. 

Materials and Methods

Study area and Data: Sea coasts of Bursa province is 135 km 
long lies alongside the coasts of Marmara Sea and share 1.47% 
coast of Turkey (7816 km). These coasts are located within the 
boarders of sub-provinces in Bursa; mainly in Gemlik, Mudanya 
and Karacabey, with a very small part in Osmangazi. In terms of 
land use, agricultural areas and forestlands cover 45.5 and 42 %, 
respectively.  Even though the rural areas form a ratio of  5 %, 
these coasts are subjected to domestic and industrial pollution, as 
being the most important region in Turkey, in terms of industry and 
population (Anonymous, 2014).

In this study, the faecal pollution concentrations of the 
coasts in Gemlik, Mudanya and Karacabey sub-provinces; with 
most of the seacoast in Bursa; were evaluated using the data 
procured from the Bursa Provincial Directorate of Public Health 
(Anonymous, 2015). Bacterial counts were performed by 

-1membrane filtration (MF) method and expressed as CFU100 ml  
(APHA, 2012, TSWQR, 2006). Total coliform, faecal coliform and 
fecal streptococci parameters were modeled with ANN and 
evaluated. 

ANN Model Application: Feed forward neural network structure 
and Levenberg Marquardt training algorithm were selected 

(Hagan and Menhaj, 1994). Two counts of particular hidden layer 
neuron for each input neuron were tested. In the recent studies, 
two different approaches were used for specifying the count of 
hidden layer neurons. The activation function was applied for the 
output layer as a linear function and the tangent sigmoid transfer 
function was preferred as the activation function for the hidden 
layer (Hornik, 1991, Rankovic et al., 2010, Okkan and 
Mollamahmutoğlu, 2010).

The productivity of the prediction from the data-driven 
model structures was judged. The correlation between measured 
and predicted values were calculated with Pearson correlation 
coefficient. Smaller values of MAE (average of the absolute error) 
and MSE (mean square error) were used for determining better 
model productivity (Belayneh and Adamowski, 2012). 

The total coliform, faecal coliform and faecal streptococci 
concentrations were monitored between 2010-2014 and 
modeled. Total measurement count used in modeling for each 
parameter was 663; 293 of these numbers belonged to Gemlik, 
250 to Mudanya and 120 to Karacabey. In water quality studies 
related to ANN modeling, the data size ranged from 60 to 442 
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Fig. 1 : Site location map of the Sea of Marmara and Coasts of Bursa 
(Abrajano et al., 2002; Anonymous, 2014).
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count were compared. In a and b model structures, the input 
parameters were total coliform and faecal streptococci, in the c 
and d model structures total coliform was selected as input 
parameter. Faecal coliform was output parameter in all 
structures. Faecal coliforms were in coliform group bacteria and 
were indicator of faecal pollution. Total coliforms can be 
phytogenetic and soil born, but faecal coliforms arise from faecal 
pollution discharges (Casadevall and Pirofski, 2014, Alberts et al., 
2002). For estimating the effects of sewage discharges, faecal 
coliforms were modeled as output parameter.

Results and Discussion

The productivity of the model structures was determined 
with different inputs and hidden neuron counts. The productivity 
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(Brion and Lingireddy, 2003, Mas et al., 2007, Radojevic et al., 
2013). The ANN model structures were prepared with the 
MATLAB ANN toolbox (Matlab, R2015).  80 % of the data was 
used for training, 10% for testing and 10% for validation (Brion 
and Lingireddy, 2003, Mas et al., 2007, Radojevic et al., 2013). 
The cross validation technique in all ANN structures was used for 
the partition of data sets. The data set for training was used for 
calculating the error gradient and update biases together with the 
network weights. The data set for testing was used to validate the 
model productivity.

Monthly mean of concentrations were used in this study 
and 4 model structures (a, b, c, d) were applied for 3 coasts 
(Gemlik-Model 1, Karacabey-Model 2, Mudanya-Model 3). The 
results of different model structures with particular hidden layer 

A. Katip: Modeling of microbiological contamination in the sea

Table 1 : Created model structures and calculated RMSE and R values 

Coast   Model No Inputs  Outputs ANN RMSE R

Training Validation Testing Training Validation Testing Whole 
Data Set

Gemlik 2-2-1 107.44 141.69 75.51 0.82 0.69 0.86 0.81

(Model 1) Faecal coliform
streptococci

Model 1 b) Total coliform Faecal 2-5-1 117.53 67.36 73.01 0.75 0.81 0.91 0.77

Faecal coliform
streptococci

Model 1 c) Total Faecal 1-1-1 107.48 82.16 96.39 0.77 0.93 0.83 0.79
coliform coliform

Model 1 d) Total Faecal 1-3-1 102.46 173.23 65.11 0.82 0.57 0.92 0.79
coliform coliform 

Karacabey  Model 2 a) Total coliform Faecal 2-2-1 53.06 25.21 19.07 0.91 0.86 0.98 0.91

(Model 2) Faecal coliform
streptococci

Model 2 b) Total coliform Faecal 2-5-1 39.30 56.04 40.87 0.92 0.95 0.87 0.96
Faecal coliform
streptococci

Model 2c) Total coliform Faecal 1-1-1 50.15 41.81 71.45 0.90 0.95 0.87 0.90
coliform

Model 2d) Total coliform Faecal 1-3-1 55.21 57.39 34.85 0.88 0.98 0.97 0.89
coliform

Mudanya Model 3 a) Total coliform Faecal 2-2-1 80.40 190.90 71.00 0.96 0.70 0.94 0.93

(Model 3) Faecal coliform
streptococci

Model 3 b) Total coliform Faecal 2-5-1 105.65 54.84 59.14 0.93 0.95 0.93 0.93

Faecal coliform
streptococci

Model 3 c) Total coliform Faecal 1-1-1 103.67 128.69 65.31 0.93 0.73 0.99 0.92
coliform

Model 3 d) Total coliform Faecal 1-3-1 83.22 180.15 138.78 0.93 0.91 0.98 0.93
coliform

Model 1 a) Total coliform Faecal 

Models
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function (RMSE) values and correlation coefficients (R) were 
calculated for training, validation, testing and whole data set. The 
values of productivity functions (RMSE) and correlation 
coefficients (R) belonging to the created model structures are 
given in Table 1. 

Model 1 a and b structures predicted productively , 
because RMSE value of training of model 1-a was smaller than 
model 1-b, whole data set of R correlation number of model 1-a 

was greater than model 1-b. Enhancing of hidden neuron 
numbers in Model 1-b was not enhanced to whole data set of R 
correlation value.  Model 1–c and d predicted productively. 
Hidden neuron numbers of model 1-d enhanced, therefore, 
RMSE values of training and testing data set reduced and R 
values of Model 1 c and d accrued; R value of whole data set 
remained unchanged. Gemlik Coasts “Model 1” had pretreatment 
and deep-sea discharge systems and domestic waste wasters 
were not treated adequately (Anonymous, 2014). 

A. Katip: Modeling of microbiological contamination in the sea

Fig. 2: Measured time series and predicted concentrations using created model structures and scatter plots.
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In Karacabey Coast, model 2- a and b structures ran more 
efficiently than model 1 a and b. RMSE calculated from model 2 -a 
and b training data were greater than model 1 -a and b, while other 
RMSE values were smaller than model 1. All R-values were 
greater than model 1. 

The coasts of Karacabey were exposed to less 
contaminant source as compared to the Gulf of Gemlik 
(Anonymous, 2010). These coasts seem to be subject to lower 
pollution. They seem to have less pollutant diversity and, 
therefore, interaction of pollutants with each other may be less. 
For this reason, Model 2 run was more efficient. Increase in 
hidden neuron count in Model 2-b enhanced R-values. In model 2 
c and d, which used total coliform as input parameters, run was 
more efficient than model 1 c and d. Increase in the hidden neuron 
numbers in Model, 2-d did not raise model R correlation values. 
The number of estimations in Karacabey coast were less than 
Gemlik, therefore  RMSE values of Model 2 -a and b training data 
set were greater than Model 1 –a and b. Raising of hidden neuron 
numbers in Model 2-b enhanced R correlation values. In model 2 
c and d, which used total coliform as input parameters, 
productivity was more than model 1 c and d. 

 In Mudanya coasts, model 3- a and b predicted 
productively. The calculation results of RMSE were smaller than 
model 1 a and b, greater than model 2 a and b. Model 3 a and b 
forecasted better than model 1 a and b such as model 2. Model 2 c 
and d were more productive than model 3 c and d because RMSE 
values of model 3 c and d were bigger than model 2 c and d. When 
model 3 c and d and model 1 c and d were compared, it was found 
that model 3 c and d were more efficient than model 1 c and d; 
because R values of model 3 c and d were bigger than model 1 c 
and d. The coasts of Mudanya as well as Karacabey are cleaner 
than the coasts of Gemlik. Model results of the coasts of Mudanya 
gave better results than Gemlik, since the amount and species of 
pollutant were less than Gemlik. It was found that all models of 3 
coasts were forecasted productively. The calculated R and RMSE 
results showed appropriate values coinciding with  other 
published literature (Soyupak et al., 2003, Brion and Lingireddy, 
2003, Yonar and Yalili Kilic, 2014, Mas and Ahlfeld, 2007, 
Okpokwasili and Nweke, 2005, Radojevic et al., 2013). The 
measured time series and predicted concentrations using the 
created model structures and scatter plots are shown in Fig. 2.

This research demonstrated that the artificial neural 
network studies can be used to forecast coliform group bacteria in 
the sea coasts. The created model structures were run 
productively to predict the faecal coliform parameter in Gemlik, 
Karacabey and Mudanya coasts alongside the Sea of Marmara. 
Multilayer feedforward networks were used. All these trials 
indicated that to raise the count of the hidden layers has not 
always raised the model productivity. Kind and count of the inputs 
could be more influential. The usage of ANNs alongside the sea 
coastal areas can be used in a more beneficial way for the 

protection of natural habitats and human health, as well as 
sustainable coastal management studies.
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