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Abstract 

The management of water quality is a major environmental challenge. Monitoring 

different sources of pollutant load contribution to the water body is quite difficult, 

laborious and expensive process which sometimes leads to analytical error also. The 

modeling of water quality parameters is quite challenging because of its complexity, 

nonlinearity, and contributory variable, but it is important since water of low quality 

causes health- related and economic problems which have a considerable impact on 

people’s daily lives. The feasibility of using models to understand processes, predict 

and/or simulate, control, monitor and optimize water quality parameters has been 

explored by a number of researchers. Mathematical modeling provides a powerful tool 

for design, operational assistance, forecast future behavior and process control and 

optimization. The modeling results from these models under different pollution 

scenarios are very important components of environmental impact assessment and can 

provide a basis and technique support for environmental management agencies to 

make right decisions. This paper reviews the application of different modeling 

techniques to water quality parameters in surface water and wastewater treatment 

plants in the past few years.  
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INTRODUCTION  

Modeling water quality is an important tool in the management of water bodies as it 

can be used to predict pollutant fate and transport in such environment and also saves 

time, cost of logistics, labour and materials for laboratory analysis (Bai et al., 2011; 

Huang et al., 2012, Wang et al., 2013, Howard 2014, Manivanan 2017), especially 

where the study area or facility is inaccessible for on-site experiments in some cases 

due to communal crises and special environmental pollution issues. Therefore, water 
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quality models become an important tool to identify water environmental pollution 

and the final fate and behaviors of pollutants in water environment (Wang et al., 2009, 

Wang et al., 2013, Howard 2014).  

An industrial activity that uses a large volume of water for cooling and other processes 

can bring serious effects on aquatic environment (Liou et al., 2003; Xiao et al., 2012, 

Howard, 2014). Therefore, these environmental effects have to be simulated, 

predicted, and assessed using models before and during the life cycle of these 

industrial projects. These modeling results under different pollution scenarios using 

water quality models are very important components of environmental impact 

assessment. Moreover, they are also the important basis for environmental 

management decisions as they not only provide data assistance for environmental 

management agencies to authorize the construction of such industrial projects and their 

continuity but also provide technical supports for water environmental protection 

agencies (Bai et al., 2012; Zhang et al., 2012).    

Mathematical models are increasingly being deployed to understand complex 

interactions and dynamics in water quality management; as such a mathematical model 

can be defined as the mathematical representation of a real-life phenomenon or process 

in a logical and objective way (Banadda et al., 2011). “All models are in simulacra, 

that is, simplified reflections of reality, but despite their inherent falsity, they are 

nevertheless extremely useful” as stated by Frigg and Hartmann (2009). Building and 

disputing models are fundamental to the scientific enterprise. Complete and true 

representation may be impossible, but scientific debate often concerns which is the 

better model for a given task, such as the most accurate climate model for seasonal 

forecasting (Box and Drapper, 1987). Attempts to formalize the principles of the 

empirical sciences, use an interpretation to model reality, in the same way logicians 

axiomatize the principles of logic. The aim of these attempts is to construct a formal 

system for which reality is the only interpretation.  According to Tizro  et. al., (2014), 

“the main objectives of water quality modeling could be to –  (i) imply cause and effect 

relationships, (ii) identify impacts of pollutant sources, (iii) assess necessary levels of 

monitoring, (v) focus on additional monitoring and management objectives and (vi) 

assess and evaluate future water quality conditions”. 

Banadda et al., (2011) in their study have stated that “In industrial practice, most 

knowledge is available in the form of heuristic rules gained from experience with 

various production processes, while crisp mechanistic descriptions in the form of 

scientific models are available only for some parts or aspects of the processes under 

consideration”. A good model not only elucidates a better understanding of the 

complicated system (e.g. biological) fundamentals, but is also essential for process 

design (Oles and Wilderer, 1991; Daigger and Nalosco, 1995), process start-up 

(Finnson, 1993), dynamics predictions (Premier et al., 1999; El-Din and Smith, 2001), 

http://en.wikipedia.org/wiki/Logic
http://en.wikipedia.org/wiki/Objective
http://en.wikipedia.org/wiki/Formal_language
http://en.wikipedia.org/wiki/Laws_of_science
http://en.wikipedia.org/wiki/Empirical_science
http://en.wikipedia.org/wiki/Interpretation_%28logic%29
http://en.wikipedia.org/wiki/Axiomatic_system
http://en.wikipedia.org/wiki/Rule_of_inference
http://en.wikipedia.org/wiki/Logic
http://en.wikipedia.org/wiki/Formal_system
http://en.wikipedia.org/wiki/Formal_system
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process control (Lukasse et al., 1988) and process optimization (Lesouef et al., 1992).   

This paper reviews developments and the application of different modeling techniques 

to water quality parameters in the past few years.  

 

DEVELOPMENT OF WATER QUALITY MODELS 

Although it is not the intention of this paper to present a step by step development of 

water quality model parameters, some important ‘milestones’ on the subject will be 

highlighted. In order to understand the impact of the parameters on the water quality, 

one must first appreciate the relative infancy of the development of water quality 

models.    Water quality models have passed through different stages of development 

since Streeter and Phelps, (1925) built the first water quality model (S-P model) to 

control river pollution in Ohio State of the US.   Wang et al., (2013), Liangliang and  

Daoliang (2014) and Manivanan  (2017)  in their various studies have indicated that 

“the surface water quality models have undergone three important stages since 1925 

to now – Primary stage (1925-1965), Improving stage (1965-1995) and the Deepening 

stage (after 1995)”.   Again Z-X et al., (2003) and Wang et al., (2011) in their various 

studies have also suggested that “Surface water quality models have made a big 

progress from single factor of water quality to multi factors of water quality, from 

steady-state model to dynamic model, from point source model to the coupling model 

of point and nonpoint sources, and from zero-dimensional mode to one-dimensional, 

two-dimensional, and three-dimensional models”.   More than 100 surface water 

quality models have been developed up to now (Wang et al., 2013).   Cao and Zhang, 

(2006) classified these models based on “water body types, model-establishing 

methods, water quality coefficient, water quality components, model property, spatial 

dimension, and reaction kinetics”.  However, each surface water quality model and 

process based models have their own constraint conditions (Wang et al., 2013, 

Manivanan 2017). Therefore, water quality models still need to be further studied to 

overcome the shortcomings of these current models especially when customizing such 

models in developing countries.  

 

MODELING APPROACHES 

Many different classifications of mathematical models have been produced for the 

different model types which are available (Murthy et al., 1990). It is possible to 

distinguish mathematical models based on the philosophy of the approach and with 

regard to the mathematical form of the model (at times also depending on the 

application area of the model). The following sections deal with some of the common 

philosophies in the modeling of Waste water treatment plants (WWTPs) and surface 

water. The most important one is dividing the Mathematical model into two categories, 

based on:  1. Physical theory (mechanistic models or white box models or first 
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principle models) and 2.Empirical description (empirical models or black box models 

or data-driven models). Of recent there has been a combination (hybrid) of both 

categories (Grey box model) for a better modeling approach (Abraham 2002, Hou et 

al., 2006, Khashei and Bijari 2010, Faruk 2010, Seo  and Kim 2016, Xu et al., 2016, 

Bonakdari et al., 2017). 

 

MECHANISTIC MODEL 

Historically, mechanistic models describe the mechanisms behind the coupling of 

variables and may consequently be used for almost any operating condition. The idea 

is that, a realistic description of the system can be obtained by identifying and 

describing all the physical, chemical and biological laws that govern the system 

concerned. Due to the large number of parameters, Banadda et al., (2011) in their study 

has asserted that “it is, however, often impossible to estimate the parameters uniquely 

from available measurements”.  

Yang and Wang, (2010) provided critical reviews of most popular and public domain 

models (SWAT, WASP, QUALs (QUAL2E, QUAL2K, QUAL2Kw), MIKE 11, 

HSPF, CEQUAL- W2, ELCOM-CAEDYM and EFDC) for diffuse water modeling, 

with detailed  sources and application potential.  Apart from these other researchers 

have also come up with various mechanistic models for specific waste water treatment 

plants e.g. the Activated sludge Model 1 (ASM1) by Henze et al., (1987).  However, 

the complexity of the activated sludge processes casts doubt on a number of 

mechanistic modeling approaches (Banadda et al., 2011).   In this paper, two of these 

water quality models (e.g. SWAT and WASP) that are used wildly around the world 

are described including intended use, development, simulation elements, basic 

principle, limitations, model strengths and their application to particular situations.  

 

SWAT 

SWAT (Soil Water and Analysis Tools), a physical-based model, was developed by 

the United States Department of  Agriculture (USDA) Agricultural Research Service 

(ARS) in the early 1990s for the prediction of the long-term impact of rural and 

agricultural management practices (such as detailed agricultural and planting, tillage, 

irrigation, fertilisation, grazing and harvesting procedures) on water, sediment and 

agricultural chemical yields in large, complex watersheds with varying soils, land use 

and management conditions (Srinivasin et al., 1998). The model is available without 

cost from http://www.brc.tamus.edu/swat. Several versions (SWAT98.1, SWAT99.2, 

SWAT2000, SWAT2005, SWAT2009 and SWAT2012) are currently available. 

Liangliang and  Daoliang (2014) have observed that “the model can perform daily 

simulation of groundwater flow, and nutrient and water transportation from channels 

and reservoirs and, in particular, the calculation of the parameters (algae, Dissolved 
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oxygen (DO) and carbonaceous Biochemical oxygen demand (BOD)) that impact the 

quality of stream water”.  

There has been a range of applications of this model in different contexts. Abbaspour 

and Schuol (2008) addressed some calibration and uncertainty issues using SWAT to 

model a 4 million km2 area in West Africa. They found SWAT could be used for large-

scale water quantity investigations and a 95% prediction uncertainty band was 

necessary to bracket 80% of the observed data, indicating that the uncertainty of the 

conceptual model was quite large. They indicated that some processes (for instance 

large reservoirs regulating the runoff) in Niger might be important, however in the 

large Inner Niger Delta of Nigeria, delaying the runoff and evaporation losses were 

not included in the model. For the land phase nutrient cycle, SWAT was used to 

simulate the organic and mineral nitrogen and phosphorus fractions by separating each 

nutrient into component pools. Then, nitrogen and phosphorus could increase or 

decrease depending on their transformation and/or additions/losses occurring within 

each pool (Abbaspour and Schuol, 2008).   In addition, in non-point source water 

quality for nutrients and sediments, Chen et al., (2014) used the SWAT model to 

compare the effects of different kinds of watershed management measures on the 

transport of sediments and nutrients (ammonium and nitrate nitrogen) in one of the 

main tributaries of the Xiangjiang River. These results showed a 10% and 30% 

increase compared to that of CSA plans for NO-
3 and NH+

4, so the model could 

facilitate the selection and implementation of more effective and reasonable measures 

to improve the water quality.  Wu and Chen, (2013) used the SWAT model to 

investigate the influence of point source and non-point source pollution on the water 

quality of the East River (Dongjiang) in Southern China. Their results also indicated 

that Nitroge Phosphorus and Sulphur (NPS) pollution was the dominant contribution 

(>94%) to nutrient loads except for mineral phosphorus (50%). 

However, SWAT has some limitations: (1) it does not simulate sub-daily events such 

as a single storm event and diurnal changes of DO in a water body, (2) it is difficult to 

manage and modify when there are hundreds of input files because the watershed is 

so large and divided into hundreds of hydrologic response  units, (3) it does not 

simulate detailed events based flood and sediment routing, and (4) during the spring 

and winter months, it has difficulties in modeling  floodplain erosion and snowmelt 

erosion (Hamlett et al., 1998 and Dai et al., 2005). 

 

WASP 

Yang et al., (2007), and  Geza et al., (2009), indicated that “WASP (Water Quality 

Analysis Simulation Program) is a surface water quality model developed by the US 

Environmental Protection Agency (EPA) for the water quality modeling”.  ‘WASP is 

a 1, 2 and 3 dimensional dynamic model. Currently it has seven versions (WASP1–7). 
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It can be downloaded at no cost from 

http://www.epa.gov/athens/wwqtsc/html/wasp.html’ (Liangliang and  Daoliang 

2014). In WASP, different interacting systems are developed comprising ammonia, 

nitrate, phosphate, phytoplankton, biochemical oxygen demand (BOD), Dissolved 

oxygen (DO), organic nitrogen and organic phosphorus (Canu et al., 2004 and Zhang 

et al., 2008). It can be used to analyze a variety of water quality problems in such 

diverse water bodies as ponds, streams, lakes, reservoirs, rivers, estuaries and coastal 

waters. WASP can also be linked with hydrodynamic and sediment transport models 

that provide flows, depths, velocities, temperature, salinity and sediment fluxes. The 

recent  version, WASP7, comes with two general kinetic modules: TOXI for toxicants 

and EUTRO for conventional water quality to solve conventional pollution (involving 

DO, BOD, nutrients, and eutrophication) and toxic pollution (involving organic 

chemicals, metals and sediment). WASP employs the conservation of mass and 

momentum equations to determine the river hydraulic characteristics (e.g., depth, 

velocity, top width and flow rate) (Ambrose et al., 2001 and Kuo et al., 2011). The 

continuity equation  (1) and momentum equation (2) used in the WASP model are as 

follows: 
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where Z is the water surface elevation, Q is the flow rate, B is the wetted cross sectional 

width, A is the wetted cross sectional area, t is the time, x is the distance along the 

channel, K is the conveyance of the channel, g is the gravitational acceleration, and q 

is the side discharge per unit channel length (Lai et al., 2013). 

This model helps users interpret and predict water quality responses to natural 

phenomena and manmade pollution for various pollution management decisions. (Lai 

et al., 2013) combined the Integrated Watershed Management Model (IWMM) and 

the Water Quality Analysis Simulation Program model. The IWMM model was 

applied to the Kaoping River Basin for the simulation of the potential water quality 

and NPS pollution loading conditions, and the WASP model was used to simulate 

water quality conditions in the down-gradient section of the Kaoping River, so that 

they could evaluate the NPS pollution loading and the Kaoping River water quality. 

However, WASP could not effectively simulate the suspended solid (SS) loading in 

the river.  Lai et al., (2003) developed a direct linkage between the River Pollution 

Index (RPI) calculation and WASP containing a suspended solids (SS) equation to 

http://www.epa.gov/athens/wwqtsc/html/wasp.html
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predict water column DO, SS, BOD, and NH3–N loading and evaluate their impacts 

on river water quality using the integrated modeling system.   Lin et al., (2011) used 

WASP to evaluate the pollution and toxicity level of sediments for water quality and 

develop pollution control and watershed management strategies for the Salt-water 

River.  

Although WASP can be run with 1, 2 or 3 dimensions as desired, the model has 

limitations: (1) it does not handle mixing zones or near field effects, (2) it does not 

handle sinkable/floatable materials, and (3) it requires an extensive amount of data for 

calibration and verification( Kannel et al., 2011). 

 

BLACK-BOX MODELS 

One of the major pitfalls of the mechanistic model is time; hence another modeling 

approach was proposed which is the, black-box model (Ljung 1999, Banadda et al., 

2011) that do not necessarily depend on analytical equations or where they are difficult 

to develop (Banadda et. al., 2011).  Black box model is a popular method of gaining 

insight into the overall (input-output) process behavior of a system. The developed 

models are usually used for prediction of future process values or in the process control 

application. Important aspect of black box modeling is data preconditioning, model 

complexity, model linearity, and model extrapolation. The various black box modeling 

techniques are standard multivariate (MVS) method such as principal component 

analysis (PCA) and partial least square (PLS) modeling, time series modeling, 

artificial neural net work modeling, fuzzy modeling, neural-fuzzy modeling.   The 

application of the model will determine whether the model needs to be dynamic or 

static. For the control and prediction type application, models are usually dynamic. If 

the process conditions vary over a wide range, there may be a need for a non-linear 

black-box model. In the case of a dynamic non-linear model, there are a few 

possibilities for developing such a model, example a dynamic Artificial Neural Net 

work or dynamic fuzzy model. If the black-box is linear, one could use a time series 

model     

 

MULTIVARIATE DATA ANALYSES METHOD  

One goal of multivariate data analyses is to summarize complex multi-variables 

datasets by identifying relationships between variables and cases in the dataset. 

Essentially, multivariate methods generate hypotheses but do not test them (Rencher, 

2002). Several studies were published where multivariate analyses were performed on 

water quality data from a defined watershed, for example, Singh et al., (2004), 

Shrestha and Kazama (2007), Zhao and Cui (2008),  Varol and Sen (2009), Zhang et 

al., (2009), and Bu et al., (2010). They are fairly similar in that they all have the 

objective to evaluate temporal and spatial variations in water quality data in their 
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respective study basin, and all make use of a selection of the following multivariate 

methods.  

 

Cluster Analysis  

Cluster analysis is a numerical method to uncover structure in the data in such a way 

that the individuals of the same cluster will resemble each other more than they do 

those of another cluster (Everitt, 2011). Many clustering methods exist. Hierarchical 

techniques are perhaps the most popular and are commonly represented by the 

dendogram. In the hierarchical agglomerative method, the individuals are successively 

joined to their closest counterpart(s), based on a defined measure of proximity, into a 

decreasing number of clusters. In the divisive method, the initial cluster contains all 

individual and it is successively divided into an increasing number of clusters. Several 

cluster optimizing techniques exist depending on the type of data, for example 

continuous, binary, structured (Everitt, 2011).  

 

Discriminant Analysis  

Discriminant analysis is often compared to cluster analysis, with the difference that in 

discriminant analysis the number of groups (or clusters) is defined by the researcher a 

priori. The groups are separated by linear functions of the variables, called the 

discriminant functions (Rencher 2002). Users may eliminate redundant variables from 

the process with forward selection, a technique which starts with the variable that best 

separates the group and then adds  one variable at a time; the one added is that which 

provides the maximal additional separation of the group. Alternatively backward 

elimination starts with all variables, and eliminates one variable at a time, the one that 

contributes the least to group separation. In stepwise selection, the two techniques are 

combined as variables are added one at a time, and at each step, variables are re-

examined to determine if any have become redundant and can be dropped. 

 

Principal Component Analysis  

Principal component analysis (PCA) maximizes the variance from linear combinations 

of the original variables (Rencher, 2002). The first principal component is the linear 

combination of the variables that explains the most variance; the second principal 

component will be the linear combination of the variables that explains the most 

variance orthogonally from the first component; and so on. The eigenvalues quantify 

the variance explained by each principal component. The loadings correspond to the 

correlation between the original variables and each of the principal components. 

Scores are the third output from the analysis and are essentially the values of the 

components for each case.  
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Factor Analysis  

In factor analysis, it is the original variables which are linear combinations of a few 

random variables called factors (Rencher, 2002). These factors cannot be measured or 

observed; they are hypothetical. They are meant to reduce the dimensionality of the 

original dataset, taking into account the existing correlation between the variables. 

Loadings come into play in the weighting of the factors for each variable. Rotation of 

the loadings may be applied in order to facilitate the interpretation of the factors. 

Varimax rotation is one specific rotation technique where the user attempts to 

maximize the variance of the squared loadings for every column of the rotated loadings 

matrix, making the loadings either small or large to separate them apart.  

Shrestha and Kazama (2007) used these four techniques to study the spatial and 

temporal variability of water quality in the Fuji River basin, Japan. The water quality 

parameters studied were discharge, temperature, dissolved oxygen, biochemical 

oxygen demand, chemical oxygen demand, pH, total suspended solids, electrical 

conductivity, total coliforms, nitrate nitrogen, ammonical nitrogen, and inorganic 

dissolved phosphorus. Hierarchical agglomerative clustering using Ward’s method 

with squared Euclidean distances as a measure of similarity was used to segregate sites 

into three groups which successfully correspond to level of pollution. Discriminant 

analysis was then used to evaluate temporal and spatial variations in the data. Four 

temporal groups were identified and the authors found that the backward stepwise 

mode correctly assigned water quality data to appropriate season with fewer 

parameters than with the forward stepwise mode. A similar exercise was performed 

with sites locations, defining three groups; again, the backward stepwise method 

provided better performance in correctly assigning stations to level of pollution groups 

with fewer parameters. A PCA was performed on each group defined by the initial 

cluster analysis, and provided a good understanding of which parameters were 

explaining the most variation in each group. In the less polluted sites, they were 

parameters related to discharge, temperature and organic pollution. In the moderately 

polluted sites, parameters related to organic pollution from domestic wastewater and 

nutrients from agriculture were explaining the most variation. In highly polluted sites, 

parameters related to organic pollution and nutrients from domestic and industrial 

wastewater were leading the variations. Similar analyses were conducted in the Jinshui 

basin, China (Bu et. al., 2010), the Luan River, China (Zhao and Cui, 2008), the Gomti 

River basin, India (Singh et. al., 2004), the Behrimaz basin, Turkey (Varol and Sen, 

2009), and the Xiangjiang basin, China (Zhang et. al., 2009).  

 

Time Series Models 

Time series analysis is one of the useful methods which are applied in water quality 

modeling and forecasting. This procedure is useful in understanding and modeling the 
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process of a phenomenon through which the past observations are generated. It is also 

helpful in forecasting the future values based on the past memory. Time series is a 

string of data over time and there is an equal interval between all data. The interval 

can be defined as daily, weekly, monthly as well as yearly time steps. Time series 

analysis is used in decision making in many hydrological processes and operation 

systems (Tizro et. al., 2014).  

Antonopoulos, et. al., (2001) analyzed the time series of water quality parameters and 

the discharge of Strymon River in Greece from the 1980 to1997. The nonparametric 

Spearman’s criterion was used to detect the trends for: discharge, ECw, DO, SO4
2-, 

Na+, K+ and NO3
-. The Verification of the best fitted models was performed using Chi 

square (χ2) and Kolmogorov-Smirnov Tests. The relationships between concentration 

and loads of constituents of both with the discharge were investigated as well. In spite 

of the relation between loads and discharge (r > 0.9), the correlation between 

concentrations and discharge is not good (r < 0.59).  Ahmad et. al., (2001), 

accomplished a study to analyze water quality data collected from Ganges River in 

India. Three approaches of stochastic modeling such as: multiplicative ARIMA model, 

deseasonalised model and Thomas–Fiering model were applied to model the observed 

time series of water quality. The multiplicative ARIMA model having non- seasonal 

and seasonal components was identified as a convenient model. The de-seasonalised 

modeling approach was recommended to forecast water quality parameters of the 

river.  

Also some studies have focused on water temperature time series such as Webb et. al., 

(2003) who showed that when discharge is below the annual median, correlations 

between air and water temperature is high. Kurunc et al., (2005) applied time series 

analysis for water quality constituents and stream flow of the Yesxilirmak River at 

Durucasu which is a monitoring station. Two modeling approaches, ARIMA and 

Thomas–Fiering were evaluated in this study. A 13-year monthly time series records 

were used to obtain the best model of each water quality constituent and stream flow 

from both modeling approaches. The results of study showed that that between two 

approaches, for Yesxilirmak River Thomas–Fiering model presents more reliable 

forecasting of water quality constituents and stream flow than ARIMA model.   Also 

Irvine, et. al., (2011) accomplished a study on temporal variability of turbidity, 

dissolved oxygen, conductivity, temperature, and fluorescence in the lower Mekong 

River. Results showed that a strongly developed vertical variation of turbidity, DO, 

and conductivity in the flooded forest fringe may be related to a combination of factors, 

including dissolved material release from bed sediment and a floating organic-rich 

particulate layer near the bottom of the lake.  

Halliday, et. al., (2012) studied two hydrochemical time-series derived from stream 

samples taken in the Upper Hafren catchments, Plynlimon, Wales. A subset of 
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determinants such as: aluminium, calcium, chloride, conductivity, dissolved organic 

carbon, iron; nitrate, pH, silicon and sulphate were examined within a framework of 

non-stationary time-series analysis to identify determinant trends, seasonality and 

short-term dynamics. The results demonstrate that both long-term and high frequency 

monitoring provide valuable and unique insights into the hydrochemistry of a 

catchment. Such studies moving forward demonstrate the need for both long-term and 

high-frequency monitoring to facilitate a thorough understanding of catchment hydro 

chemical dynamics.  

Parmar and Bhardwaj, (2014) in their study used auto regressive integrated moving 

average model to estimate future water quality parameters values. They observed that 

their predictive model is useful at 95 % confidence limits and curve is platykurtic for 

potential of hydrogen (pH), free ammonia, total Kjeldahl nitrogen, dissolved oxygen, 

water temperature (WT); leptokurtic for chemical oxygen demand, biochemical 

oxygen demand and also the predicted series is close to the original series which 

provides a perfect fit.  Different studies on time series analysis in water resources 

management demonstrate the efficiency and necessity of this kind of modeling as it 

takes into account the stochastic nature of hydrological processes such as discharge 

and climatology (Tizro et. al., 2014).  

 

Artificial Neural Network 

For some time now, Artificial Neural Network (ANN) research has found its way into 

the areas of hydrology, ecology, medical and other biological fields. The American 

Society of Civil Engineers wrote a report to investigate the usage of ANNs in 

hydrologic applications, and found it being used for such purposes as rainfall-runoff 

modeling, stream flow forecasting, groundwater modeling, precipitation prediction, 

and water quality issues.  Neural network models are attractive to decision makers 

because of their established methodology, long history of application, availability of 

software and deep-rooted acceptance among practitioners and academicians alike. 

Many researchers showed that the ANN model gives a better performance compared 

to the other model in forecasting water quality.  ANNs have been applied in capturing 

the non-linear relationship that exists between variables in complex systems (Zhao et. 

al., 1999).   The applications of neural networks have increased rapidly in the field of 

water quality management (Wen and Lee, 1998) economic analysis, water resources 

planning and hydrologic time series, as described below. 

Holger et al., (2000) presented a review of modeling issues and applications on Neural 

Networks for the prediction and forecasting of water resource variables. In their paper, 

the steps that should be followed in the development of such models are outlined. 

These include “the choice of performance criteria, the division and pre-processing of 

the available data, the determination of appropriate model inputs and network 
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architecture, optimization of the connection weights (training) and model validation”. 

The vast majority of the networks are trained using the back-propagation algorithm. 

 

Zaheer and Bai, (2003) have made study on an application of ANN for water quality 

management. ANN based decision-making approach for water quality management to 

control environmental pollution is presented in their work. Previous research on water 

quality management problems has shown that traditional optimization techniques and 

an expert-system approach do not provide an educated solution comparing with 

decision making approach, which is related to the interpretation of data based on 

certain set of rules. Under such conditions, the ANN learns the rule governing the 

decision making through a series of experiments.  Zhang (2003) applied a hybrid of 

ARIMA and ANN model to take the advantages of the ARIMA and ANN models in 

linear and nonlinear modeling. Results showed that the combined model was capable 

of forecasting the real data sets more accurately in comparison with the separately 

applied methods of ANN and ARIMA. 

Mafia et. al., (2005) studied the use of a Neural Network technique for the prediction 

of water quality parameters. Their paper is concerned with the use of Neural Network 

models for the prediction of water quality parameters in rivers. ANNs were developed 

for the prediction of the monthly values of three water quality parameters of the 

Strymon River at a station located in Sidirokastro Bridge near the Greek-Bulgarian 

borders by using the monthly values of the other existing water quality parameters as 

input variables. The monthly data of thirteen parameters and the discharge, at the 

Sidirokastro station, for the time period 1980-1990 were selected for this analysis. The 

results demonstrated the ability of the appropriate ANN models for the prediction of 

water quality parameters. This provides a very useful tool for filling the missing values 

that is a very serious problem in most of the Greek monitoring stations.  

Sundarambal et. al., (2008) have made a study on application of ANN for water quality 

forecasting. In their study, ANN was used to predict and forecast quantitative 

characteristics of water bodies. The true power and advantage of this method lie in its 

ability to (1) represent both linear and nonlinear relationships and (2) learn these 

relationships directly from the data being modeled. The study focuses on Singapore 

coastal waters. The ANN model is built for quick assessment and forecasting of 

selected water quality variables at any location in the domain of interest. Respective 

variables measured at other locations serve as the input parameters. The variables of 

interest are salinity, temperature, dissolved oxygen, and chlorophyll-a. A time lag up 

to 2 day time (2Dt) appeared to suffice to yield good simulation results. To validate 

the performance of the trained ANN, it was applied to an unseen data set from a station 

in the region. The results show the ANN’s great potential to simulate water quality 

variables. Simulation accuracy, measured in the Nash–Sutcliffe coefficient of 
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efficiency (R2), ranged from 0.8 to 0.9 for the training and over-fitting test data. Thus, 

a trained ANN model may potentially provide simulated values for desired locations 

at which measured data are unavailable yet required for water quality models. 

Holger et al., (2010) has made a detailed review on the methods used for the 

development of neural networks for the prediction of water resource variables in river 

systems. In this study, the steps in the development of ANN models were outlined and 

taxonomies of approaches were introduced for each of the steps. In order to obtain a 

snapshot of current practice, ANN development methods were assessed based on the 

taxonomies for 210 Journal papers that were published from 1999 to 2007 and focus 

on the prediction of water resource variables in river systems. The results obtained 

indicate that the vast majority of studies focus on flow prediction, with very few 

applications to water quality. Methods used for determining model inputs, appropriate 

data sub-sets and the best model structure were generally obtained in an ad-hoc fashion 

and required further attention. Although multilayer perceptions are still the most 

popular model architecture, other model architectures are also used extensively. In 

relation to model calibration, gradient based methods are used almost exclusively. In 

conclusion, despite a significant amount of research activity on the use of ANNs for 

prediction and forecasting of water resources variables in river systems, little of this is 

focused on methodological issues. Consequently, there is still a need for the 

development of robust ANN model development approaches. 

 

Hybrid Models 

The hybrid modeling (or the ‘grey-box’ modeling) combines the mechanistic modeling 

and the black-box modeling. This method utilizes the advantages of both methods 

(mechanistic modeling and black-box modeling), but the critical thing is that we must 

have to decide for which part of the model do we need to use mechanistic modeling 

and for which part to use black-box modeling.  Prediction techniques can also be 

broadly divided into Statistical and Artificial Intelligence (AI) based techniques. 

Statistical methods are usually associated with linear data, while neural networks are 

usually associated with nonlinear data.  

Hybrid models have been introduced to overcome the deficiency of using an individual 

model such as statistical methods (ARIMA, Multiple Regression etc.) and AI methods. 

Hybrid models merge different methods to improve the prediction accuracy. Hybrid 

models can also be referred to as combined models or ensemble models and often used 

synonymously. Hybrid methods can be implemented in three different ways; linear 

models, nonlinear models and both linear and nonlinear models. In linear 

hybridization, two or more linear models are combined together using the same data 

set or a different data set to gain an ultimate forecasting value (Zhang et al., 2016). 
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Hybrid forecasting has also been implemented using a nonlinear model, for instance 

hybridizing ANN with genetic algorithm (GA), fuzzy logic (FL) and rough sets (RS) 

(Abraham, 2002; Dorgais et. al., 2006; Hou  et. al., 2006). Authors found that by 

hybridizing ANN with these methods could improve the forecasting accuracy. Hou, 

et. al., (2006) combined ANN and Rough set to predict air conditioning load. They 

used both univariate and multivariate time series data. Their findings illustrate that the 

empirical results are better compared to the result given by the ANN model alone. The 

result also indicates that if more relevant data are used in the study, the forecasting 

accuracy could be better. In this hybridization, GA, RS or FL are embedded in ANN 

as preprocessing tools to improve the ANN forecasting performance by extracting 

important and significant features in time series data. Again Khashei and Bijari (2010) 

applied an hybrid of  artificial neural network (ANN) model and ARIMA to estimate 

time series forecasting. The empirical results with three well-known real data sets 

showed that the proposed model was an effective way to improve forecasting 

accuracy. 

However, most of the hybridization methods, which have been proposed in the 

literature (Chi , 1998; Dorganis et. al., 2006; Shamsuddin and Arshad, 1990, Khashei 

and Bijari 2010, Zhang et al., 2016) having major drawbacks. Most of them are 

designed to combine similar methods; linear model with linear model, and nonlinear 

model with nonlinear model. In reality, time series data typically contain both linear 

and nonlinear patterns. Therefore, neither linear nor nonlinear model can be sufficient 

in modeling time series data since the linear model cannot deal with nonlinear 

relationship. Additionally, nonlinear model also cannot handle both linear and 

nonlinear pattern equally well. 

To overcome this drawback, several studies have suggested the combining linear 

model and the nonlinear model. Previous studies have showed that combining different 

relevant methods could improve the forecasting accuracy. The merging of this 

structure can help the researchers in modeling complex autocorrelation structures in 

time series data more efficiently. Furthermore, by using different models or models 

that contradict with each other significantly; lower generalization variance or error 

could be generated (Zhang, 2003) 

 

CONCLUSION AND RECOMMENDATION 

Water quality models are very important to predict the changes in water quality for 

environmental management in the world. Myriads of water quality models have been 

developed and used especially in the advanced countries.  A general overview of the 

mathematical approaches in the context of water quality modeling was presented and 

discussed. The distinct developments in modeling water quality were presented. It can 

be concluded that most of the previous modeling efforts have focused on water quality; 

although such models can be adapted to water quality and wastewater systems.   On 
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one hand, most of the modeling attempts that seek to use black box and mechanistic 

models have little practical relevance to process control practitioners. On the other 

hand, white box models require a good knowledge of system dynamics which are very 

difficult to predict in complex systems like water quality. Hybrid models seem to 

address the pitfalls of white box models, since it offer possible avenues for creating 

simplified representation of complicated systems such as water quality. There is need 

therefore to research more on developing more models for waste water treatment 

plants and also to customize most of these surfaces water models in the developing 

countries. 
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