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ABSTRACT 

Streamflow modelling remains crucial to decision-making especially when it 

concerns planning and management of water resources systems in water-

stressed regions. This study proposes a suitable method for streamflow 

modelling irrespective of the limited availability of historical datasets. Two data-

driven modelling techniques were applied comparatively so as to achieve this 

aim. Genetic programming (GP), an evolutionary algorithm approach and a 

differential evolution (DE)-trained artificial neural network (ANN) were used for 

streamflow prediction in the upper Mkomazi River, South Africa. Historical 

records of streamflow and meteorological variables for a 19-year period (1994-

2012) were used for model development and also in the selection of predictor 

variables into the input vector space of the models. In both approaches, 

individual monthly predictive models were developed for each month of the year 

using a 1-year lead time. Two case studies were considered in development of 

the ANN models. Case study 1 involved the use of correlation analysis in 

selecting input variables as employed during GP model development, while the 

DE algorithm was used for training and optimizing the model parameters. 

However in case study 2, genetic programming was incorporated as a screening 

tool for determining the dimensionality of the ANN models, while the learning 

process was further fine-tuned by subjecting the DE algorithm to sensitivity 

analysis. Altogether, the performance of the three sets of predictive models were 

evaluated comparatively using three statistical measures namely, Mean 

Absolute Percent Error (MAPE), Root Mean-Squared Error (RMSE) and 

coefficient of determination (R2). 

Results showed better predictive performance by the GP models both during the 

training and validation phases when compared with the ANNs. Although the 

ANN models developed in case study 1 gave satisfactory results during the 
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training phase, they were unable to extensively replicate those results during the 

validation phase. It was found that results from case study 1 were considerably 

influenced by the problems of overfitting and memorization, which are typical of 

ANNs when subjected to small amount of datasets. However, results from case 

study 2 showed great improvement across the three evaluation criteria, as the 

overfitting and memorization problems were significantly minimized, thus leading 

to improved accuracy in the predictions of the ANN models. It was concluded 

that the conjunctive use of the two evolutionary computation methods (GP and 

DE) can be used to improve the performance of artificial neural networks 

models, especially when availability of datasets is limited. In addition, the GP 

models can be deployed as predictive tools for the purpose of planning and 

management of water resources within the Mkomazi region and KwaZulu-Natal 

province as a whole. 
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CHAPTER 1 

INTRODUCTION 

1.1 BACKGROUND 

The need to manage water resources in arid and semi-arid regions has always 

been of high importance to water managers and decision-makers, most 

especially in this era of climatic variations. South Africa, being a water-stressed 

country and the 30th driest in the world (Crowley and van Vuuren 2013), has not 

been left out in formulating various policies and strategies towards ensuring 

continuous availability of water. The rising profile of water demand in majority of 

South Africa’s catchment areas is evident as the demand for water is far above 

the quantity available for supply, thereby leading to water stress (Figure 1).  

Water researchers, the government and other related stakeholders have been 

making concerted efforts towards developing various approaches to managing 

the relatively little amount of water in different regions across the country. 

However, increase in population, economic growth, improved standard of living, 

higher agricultural water demand among other factors continue to place 

freshwater resources under agglomerative pressure. Consequently, constant 

availability of water for domestic, industrial, agricultural, energy, mining, 

ecological, transportation and recreational purposes can be considered to be 

under threat. 

The pressure on freshwater resources is now being further aggravated by 

impacts of climatic variations on the water cycle (Graham et al. 2011). 

Streamflow, a fundamental component of the water cycle and a major source of 

freshwater availability for human, animals, plants and natural ecosystems is 

severely being impacted upon (Makkeasorn et al. 2008). In river hydrology, 
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variation in streamflow remains a major consequence of the complex, nonlinear 

and dynamic nature of hydro-meteorological variables within and around a river 

basin (Maity and Kashid 2011). Thus, prediction of streamflow both on short 

term and long term basis is critically important as it forms the basis upon which 

water managers, consumers, policy makers and other stakeholders put in place 

planning, allocation, control and adaptive strategies in order to ensure water 

availability and security.  

 

Figure 1: 2005 Annual water balance in SA catchments (Colvin et al. 2009) 

While short term predictions are made to provide signals about dangers of flood 

and drought, long term predictions help in providing information for long term 

water supply strategies (Kisi and Cigizoglu 2007). Furthermore, such information 

is needed when making decisions on the construction and localization of 

reservoirs on a river, as well as in optimization of reservoir operations such as in 

hydropower generation and irrigation water scheduling (Wang et al. 2009). 
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Streamflow predictions also influence the making of financially-related decisions, 

especially when there is a need to maximize returns on investments made on 

available water resources (Robertson and Wang 2009). Presently, the South 

African government requires a sum of 700 billion rand ($71 billion) to meet the 

country’s growing demand for water, with 45% of the sum already budgeted for 

(Crowley and van Vuuren 2013). Thus, results from accurate and reliable 

streamflow predictive/modelling studies are of crucial importance to all 

stakeholders as it yields significant economic and social benefits. 

1.2 MODELLING APPROACHES IN HYDROLOGICAL STUDIES 

Considering the importance of hydrological modelling, a significant number of 

modelling techniques have been developed and adopted for the purpose of 

streamflow prediction. Based on the internal and spatial representations of 

hydrological processes within a catchment, modelling techniques can be 

categorized into two. The two categories are namely, process-driven models 

and data-driven models (DDMs) (Solomatine and Ostfeld 2008).  

The process-driven models are generally referred to as “knowledge-driven” 

models based on their ability to provide detailed representation and 

interpretation of hydrological processes. This is achieved by incorporating laws 

based on physics of water movement in a catchment. The process-based 

models include the lumped conceptual and distributed physically-based models 

(Babovic and Keijzer 2002). Examples of popular process-based models 

include, the European Hydrological System (SHE) (Abbot et al. 1986), the 

ACRU model – developed in South Africa (Schulze 1995), the HBV 

(Hydrologiska Bryång Vattenbalansavdelning) model (Bergstrom 1995; 

Lindström et al. 1997), the Hydrologic Simulation Program – Fortran (HSPF) 

model (Johanson et al. 1984), and the HYDROLOG model (Porter and 

McMahon 1971).  



4 
 

However, the complexities and extensive detailing involved in the representation 

of hydrological processes within a river catchment make the development of 

models from first principle extremely challenging, thereby inflicting certain 

drawbacks on the use of process-based models. The major drawbacks to the 

use of process-based models arise from mixed problems such as mis-

calibration, over-parameterization, parameter insensitivity or redundancy, high 

computational requirements and huge data demand. These limitations tend to 

generate some uncertainties in the predictive capability of the process-based 

models, and thus affect the reliability of their results. Attempts have been made 

to reduce the influences of these uncertainties through uncertainty evaluation 

techniques (Bastola et al. 2011; Brigode et al. 2013; Montanari and Di 

Baldassarre 2013), but the processes involved are rather computationally 

expensive. 

DDMs, on the other hand, define the relationships between system state 

variables (input, internal and output) variables while characterizing the behaviour 

of hydrological processes within a river catchment. DDMs achieve this by taking 

into account only few assumptions on the physics of the system being modelled. 

These models rely majorly on the methods of computational intelligence and 

machine learning, and thus assume the presence of a considerable amount of 

data describing the physics of the modelled system (Solomatine and Ostfeld 

2008). Popular DDMs include (i) artificial neural networks (ANNs) (Moradkhani 

et al. 2004; Coulibaly and Evora 2007; Besaw et al. 2010; Heng and Suetsugi 

2013); (ii) fuzzy rule-based systems (Maskey et al. 2004; Shiri and Kisi 2010; 

Kisi and Shiri 2011) (iii) tree-based methods (Solomatine and Dulal 2003; Galelli 

and Castelletti 2013) (iv) evolutionary computation methods such as genetic 

programming (GP) (Guven 2009; Kashid et al. 2010; Ni et al. 2012) and (v) 

support vector machines (SVM) (Auria and Moro 2008; Shabri and Suhartono 

2012; Zakaria and Shabri 2012).  
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DDMs are relatively quicker to develop and easier to use when compared to the 

process-based models. In addition, due to the ability of DDMs to directly define 

input-output relationships, the large computational and data requirements often 

associated with process-based models are, to some extent, reduced in DDMs. 

The use of DDMs is also seen as a promising technique to solving the sensitivity 

and uncertainty challenges inherent in the use of process-based models 

(Tripathi et al. 2006; Shrestha and Solomatine 2008; Selle and Muttil 2011). In 

the light of this, DDMs are now being considered as an alternative and 

promising approach that will complement or replace the knowledge-driven 

models (Londhe and Charhate 2010; Mohanty et al. 2013). A more in-depth 

appraisal of the application of DDMs in hydrological studies and in particular 

streamflow modelling is reviewed in Chapter 2 (Literature Review) of the thesis. 

1.3 PROBLEM STATEMENT 

The availability of data has always been a major factor that influences the 

accuracy and reliability of predictions in hydrological studies. Furthermore, it has 

been established that in order to achieve accurate and reliable predictions, large 

datasets are often required for the purpose of calibration/training and validation 

in both categories of models (process-based and data-driven) earlier discussed 

(Babovic and Keijzer 2000). However, these huge amounts of datasets are 

limited to certain regions and often unavailable in some areas especially in 

developing countries such as South Africa (Ni et al. 2010). Thus, limitation of 

datasets is considered as a major obstacle to the implementation of hydrological 

modelling studies in data sparse regions.  

By and large, due to the complexity of hydrological processes, no single 

modelling technique can be considered to be a “miraculous cure-all” or general 

enough to outclass others in all modelling circumstances (Maier and Dandy 

2000; Shamseldin 2004). This implies that the choice of a modelling technique 

to be employed in any given situation is “problem specific and data dependent” 
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(Bhattacharya et al. 2001). Consequently, there is a need for the discovery and 

adoption of suitable methods that may serve as alternative approaches for 

carrying out hydrological modelling studies while using the limited amount of 

datasets available. Therefore, this study aims to offer solutions in this regard by 

investigating the potential of two evolutionary-driven techniques (GP and DE-

ANN) for streamflow prediction under limited availability of datasets.  

1.4 STUDY OBJECTIVES 

The aim of this study was to model the impacts of hydro-climatic variables on 

streamflow dynamics in the upper Mkomazi River. The specific objectives of this 

study include: 

(a) To quantify the impacts of local climatic variables on streamflow in the 

upper Mkomazi River.  

(b) To develop models that could be used for effective streamflow prediction 

in the upper Mkomazi River using two data-driven modelling techniques 

namely, genetic programming (GP) and differential evolution (DE)-trained 

artificial neural networks (ANNs). 

(c) To evaluate the potentials of the developed models individually using 

standard model evaluation criteria. 

(d) To carry out performance comparison of the models so as to determine a 

suitable approach for streamflow prediction under limited availability of 

datasets in the upper Mkomazi River. 

(e) To provide means of improving the performance of the developed models 

(ANNs) in order to achieve better predictive accuracy and reliability. 

1.5 RESEARCH METHODOLOGY 

Two data-driven modelling techniques were used in this study. The two 

modelling techniques are genetic programming and artificial neural networks.  
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Genetic programming (GP), developed by (Koza 1992) is a computational 

intelligence approach and population based search which is founded on the 

principle of natural selection (survival of the fittest). GP is a member of the 

evolutionary algorithm (EA) family which genetically breeds a population of 

computer programs to evolve models that best give the representation of a 

system. GP has been applied in a wide-range of disciplines such as the financial 

(Garcia-Almanza and Tsang 2007; Esfahanipour and Mousavi 2011), medical 

(Brameier and Banzhaf 2001; Tsakonas et al. 2004) and other science-related 

and engineering fields (Sætrom et al. 2005; Shokir 2008; Ganesan et al. 2011). 

However, GP is a relatively new and expanding method which has found 

applications in various water-related studies such as in sediment transport 

modelling (Guven and Kişi 2011; Sirdari et al. 2011), streamflow prediction 

(Whigham and Crapper 2001; Maity and Kashid 2011), climate prediction 

(Parasuraman et al. 2007; Kasiviswanathan et al. 2011), ecological modelling 

(Muttil and Lee 2005), uncertainty assessment studies (Selle and Muttil 2011) 

and so on. 

The artificial neural networks (ANNs) are one of the most extensively used data-

driven modelling techniques. ANN is also a computational intelligence approach 

which is inspired by neuroscience. ANNs can detect and learn correlated 

patterns between input datasets and corresponding output values (Jha 2007). 

The ability of ANNs to undergo training, results in the acquisition of an adaptive 

learning feature which it uses in solving problems. Numerous learning 

algorithms have been used for the purpose of training and subjecting ANNs to 

adaptive learning. The popular ones include methods based on gradient descent 

such as back propagation (BP) algorithm, quick propagation (QP) algorithm and 

Levenberg Marquardt (LM) algorithm, and evolutionary-heuristic methods such 

as genetic algorithm (GA) and differential evolution (DE) algorithm. 
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Thus, ANNs are capable of solving complex and nonlinear problems with little or 

no a priori knowledge of the system being modelled. By extension, the ability of 

ANNs to assimilate complex and nonlinear input-output interactions makes it 

suitable for use in the field of water resources. Over the last two decades, ANN 

has found application in various fields of water resources which include function 

approximation, classification and forecasting studies (Coulibaly et al. 2001; 

Cigizoglu 2005; Toth 2009; Yonaba et al. 2010). 

This study employed both the GP and ANN approaches for monthly streamflow 

prediction in the upper Mkomazi River under limited availability of datasets. A 

linear genetic programming (LGP) technique was used for the implementation of 

GP algorithm, while the ANN models were trained using differential evolution 

(DE) algorithm. Most streamflow prediction studies have only employed the use 

of one evolutionary-driven modelling technique without comparing its 

performance with different evolutionary techniques. In this study, two 

evolutionary-driven modelling techniques are investigated comparatively, so as 

to achieve more reliable results, especially under limited availability of datasets. 

Monthly streamflow prediction models were developed using local hydro-climatic 

variables namely, streamflow, rainfall and temperature from different weather 

stations within the area of study. The impacts of the variables on the modelling 

processes were examined. Both GP and ANN modelling approaches were 

subjected to sensitivity analysis to produce optimal models. The potential and 

suitability of the developed models were determined and their performance 

analyzed comparatively using three model evaluation criteria namely, mean 

absolute percent error (MAPE), root mean-square error (RMSE) and co-efficient 

of determination (R2). 
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1.6 DESCRIPTION OF STUDY AREA 

The Mkomazi catchment is located in the KwaZulu-Natal province of South 

Africa (Figure 2), and it is the third largest river in the province. The catchment 

situated around 29°17ʹ24ʹʹE and 29°35ʹ24ʹʹS, derives its source from the upper 

Drakensberg mountains and discharges into the Indian Ocean, draining an area 

of about 4 400km2. The river is of approximately 160km in length and elevated 

at about 3 300m above sea level, stretching from the Northwest to the Southeast 

region. The major water use activities within the catchment include irrigation, 

commercial afforestation, tourism and recreational activities, as well as paper 

production which exist near the Mkomazi River mouth. Thus, the river plays a 

vital role in catering for water needs within the catchment.  

 

Figure 2: Location of the Mkomazi catchment within the KZN province (DWA 

1999a) 
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The climate is characterized by high seasonality with dry winters and summer 

rainfall season as Mean Annual Precipitation (MAP) varies between 700 and 

1200mm year-1 with highly intra- and inter-seasonal streamflows (Flugel and 

Marker 2003). The MAP is higher in the upper, higher elevations of the river 

catchment (950mm to about 1 200mm) (Taylor et al. 2003), and as a result, a 

significant amount of catchment runoff is generated in the upper part of the 

catchment. Hence, this serves as one of the justifications of the choice of the 

upper Mkomazi River catchment as illustrative study area of this research.  

The maximum rainfall occurs in the summer months, particularly between 

January and February, and minimum rainfall between the months of June and 

July. The mean annual temperature varies between 15°C in the “High Berg” 

areas of the Drakensberg and 24°C in the central area of the catchment. 

1.6.1 Rationale for the study 

The upper Mkomazi River was selected for the purpose of streamflow modelling 

due to the following reasons: 

1.  Most of the catchment runoff originates at the upper Mkomazi River 

Catchment, with flows experienced in the river all-year round (DWA 

2004). 

2. The overall population distribution in the Mkomazi region is relatively low, 

hence the use of available water resources can be said to be 

conservative (Taylor et al. 2003). 

3. Currently (2013), the river flows directly into the Indian Ocean, as there 

are no major dams on the river. This translates to the fact that the high 

abundance of water resources is not being adequately harnessed (DWA 

2009).  

4. Due to the high pressure and demand for water in the Pietermaritzburg 

(PMB) and Durban regions, it was concluded from a pre-feasibility study 
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conducted by the Department of Water Affairs (DWA) that water be 

transferred out of the Mkomazi River to augment the Umgeni River (DWA 

1999b). This will help cater for the huge water demands of the highly 

populated and industrialized PMB and Durban areas. 

5. Recent developments indicate that two potential impoundment sites 

(Impendle and Smithfield) to be located around the upper-middle 

Mkomazi catchment have been identified and proposed by DWA for the 

actualization of the Mkomazi-Umgeni water transfer scheme (DWA 2004). 

6. The availability of historical datasets of the catchment area is however 

limited (DWA 1999c; Rivers-Moore et al. 2007).  

Following these recent developments, accurate estimation of the streamflow 

fluctuations in the upper Mkomazi could help understand its dynamics, 

especially in this era of climatic variations. Furthermore, the prediction of 

streamflow is of crucial importance irrespective of the limited availability of 

datasets, as it will help in planning for future water allocation and reservoir 

operations. 

1.7 SIGNIFICANCE OF THE STUDY 

Going by the current developments in the Mkomazi-Umgeni region, results from 

this study would help national and regional water management institutions such 

as the Department of Water Affairs (DWA), South African Water Research 

Commission (WRC) and other stakeholders, in planning for adaptive water 

resource allocation within KwaZulu-Natal province. Monthly models developed in 

this study could also be deployed as predictive tools for water resource 

management and for use in future reservoir operations. Furthermore, this study 

could be adopted as a model for conducting similar studies, especially in regions 

with limited availability of datasets. 
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1.8 THESIS OVERVIEW 

This thesis is organized into five chapters. The general structure of the thesis 

and the focal point of each chapter can be described as follows: 

Chapter 1 Introduction 

This chapter gives a general background to this study, introduces current issues 

with respect to water resources management in South Africa, identifies research 

problems and provides a brief review of modelling techniques employed in water 

resources management. The chapter also outlines the scope, objectives, 

significance of the study and research methodology. Finally, a description of the 

study area, the rationale for its study, structure of the thesis and publications 

from the study are presented. 

Chapter 2 Literature Review 

This chapter provides a comprehensive review of popular data-driven modelling 

techniques and modern trends with respect to their applications in hydrological 

modelling. Modelling approaches used in this study namely, genetic 

programming (GP) and artificial neural networks (ANNs) are also given 

elaborate description. 

Chapter 3 Genetic Programming for Streamflow Prediction 

This chapter begins with the analysis of hydro-climatic datasets obtained from 

the study area, and thereafter delves into the mainstream of the application of 

genetic programming for monthly streamflow prediction. The techniques used in 

data analysis, input variable selection, data pre-processing and model 

development are discussed in details. Also, the toolkit used for the 

implementation of GP, the objective function and the model structure as well as 

genetic operators are fully explained. Finally, the potentials of the developed 
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models are examined using standard performance evaluation criteria and their 

corresponding results discussed extensively. 

Chapter 4 Artificial Neural Networks for Streamflow Prediction and 

Performance Comparison between GP and ANNs 

This chapter describes the methods used in the development and application of 

artificial neural networks models for monthly streamflow prediction. Furthermore, 

the application of differential evolution (DE) algorithm and parameters used for 

ANN training is discussed. Two case studies are considered in this chapter. 

Case study 1 involves the use of the same sets of data employed in developing 

the GP models. This is done to avoid any form of bias when comparing the 

performance of the derived models. However, in case study 2, GP is 

incorporated as part of the optimization process of the ANNs, while also fine-

tuning its learning process. The performance of the ANN models derived in both 

case studies were then compared with that of the GP-derived models so as to 

determine the suitable approach to be adopted for use. The chapter ends with 

the discussion of the results from the comparative study. 

Chapter 5 Conclusions and Recommendations 

This chapter presents a general summary based on the results of the previous 

chapters. It also provides suggestions and recommendations for future research. 

Each chapter is concluded by the details of research output(s) from the chapter. 

The datasets used in this study and the program codes representing the GP 

models are presented in the Appendix at end of the thesis. 

This thesis represents a compilation of manuscripts where each chapter is an 

individual entity and therefore, some repetitions between chapters are 

unavoidable. 
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CHAPTER 2 

LITERATURE REVIEW 

2.1 DDM TECHNIQUES IN STREAMFLOW MODELLING  

Streamflow modelling plays a crucial role in the planning and management of 

water resources, most especially in water stressed regions, where the need to 

effectively manage the available water resources is of critical importance. 

Therefore, effective streamflow prediction, both on short-term and long-term 

basis remains essential for efficient operation of water resources systems 

(Londhe and Charhate 2010). As a result, numerous techniques have been 

applied by water experts in the quest for understanding the dynamics of 

streamflow – majorly a product of complex and nonlinear nature of hydro-

climatic interactions. 

As discussed in Chapter 1, models used for hydrological modelling purposes 

can be categorized into two, namely, process-based models and data-driven 

models. However, due to the aforementioned limitations and uncertainties 

associated with process-based models, the use of data-driven modelling 

techniques will be the focus of this review and study. Data-driven models have 

become quite popular in hydrological studies. 

This chapter provides a comprehensive review of seven popular data-driven 

modelling techniques which include support vector machines (SVM), K-nearest 

Neighbours (K-NN), chaos theory-based methods, model trees (MTs), fuzzy 

rule-based systems (FRBS), artificial neural networks (ANNs) and genetic 

programming (GP). The review of each of these modelling approaches 

encapsulates an introduction to the modelling approach, applications in 

hydrological modelling, strengths and limitations, areas of concern and 

performance improvement methods. Other issues discussed in this review 
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include the processes involved in data-driven modelling such as input 

determination, data-preprocessing and model performance evaluation. 

2.2 SUPPORT VECTOR MACHINES (SVMs) 

2.2.1 Introduction 

Support vector machines (SVMs) are non-linear parametric models which 

originate from the statistical learning theory (Vapnik 1998). The working principle 

of SVMs is however different from that of other DDMs. In most DDMs, an 

Empirical Risk Minimization (ERM) principle is adopted with the aim of 

minimizing the difference between observed and predicted values. In contrast, 

SVMs initialize by defining a reasonable limit or boundary on the generalization 

error using a Structural Risk Minimization (SRM) principle (Elshorbagy et al. 

2010). Thereafter, SVMs proceed to search for the optimal structure of the 

model via the selection of model training parameters which guarantees an 

exclusive global minimum of the error surface. This approach enables SVMs to 

have a good performance in terms of generalization.  

Although, SVMs were initially developed for classification purposes, they have 

now been broadened for use in regression and prediction purposes, and thus 

being referred to as support vector regression (SVR) (Deo 2009). By this 

extension, SVMs now possess the ability to capture both linear and nonlinear 

patterns in a given set of data. They achieve this by employing a mapping 

function which transforms the data space into a higher domain which exhibits 

multiple dimensionalities (Jordaan 2002). The mapping function which is 

implemented by using a specified kernel may either be a linear, polynomial, 

sigmoidal, radial basis or hybrid function. However, the preferred kernel in 

hydrological modelling studies is the Gaussian radial basis function (Liong and 

Sivapragasam 2002; Lin et al. 2006; Yu et al. 2006). Thus, SVMs are able to 

give representation of both linear and nonlinear processes. Going by the 
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principle of operation of SVMs, their structural make-up is considered to be 

similar to that of ANNs. The structural make-up of both SVMs and ANNs can be 

represented as two-layered networks, where the weights are nonlinear in the 

first layer and linear in the output layer. However, the major difference between 

the two approaches is in their learning approach. While ANN adopts an adaptive 

learning approach in optimizing all its parameters, SVMs select the parameters 

for the first layer to be the training input vectors. Thus, SVMs create a model 

with good generalization using a minimized Vapnik-Chervonenkis (VC) 

dimension – model capacity or complexity (Cherkassky and Mulier 2007). Owing 

to the ability of SVMs to characterize both linear and nonlinear systems, they are 

found suitable for use in hydrological modelling and predictive studies. 

2.2.2 Application of SVMs in hydrological modelling 

Although, SVMs have not received wide application in hydrological modelling 

studies compared with other DDMs, their application is increasingly getting 

attention. SVMs have been applied in water-related studies such as rainfall-

runoff modelling, river flow prediction, flood forecasting, water level prediction in 

lakes and reservoirs, sediment modelling, etcetera (Dibike et al. 2001; Yu et al. 

2006; Sudheer et al. 2013). Likewise, their performance has been compared 

with other techniques (Cannas et al. 2004; Asefa et al. 2006; Lin et al. 2006). 

Sivapragasam et al. (2001) in a novel study applied a SVM in predicting rainfall 

and streamflow in two different catchments in Denmark and Singapore. The 

SVM was coupled to a data preprocessor by using a Single Spectrum Analysis 

(SSA) technique. A combination of the linear and radial basis function (RBF) 

kernels was proposed. Results showed that the SVM method yielded significant 

accuracy in both rainfall and streamflow predictions across the two catchments. 

Dibike et al. (2001) applied SVM for land use classification and rainfall-runoff 

prediction using a polynomial and RBF kernel. Results showed better 
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performance than ANN-derived models, with the RBF kernel also performing 

better than the polynomial one. Liong and Sivapragasam (2002) also applied a 

SVR to river-stage forecasting at multiple lead-times in Bangladesh. It was 

reported that SVR performed better than models developed using ANN. 

Vojinovic and Kecman (2004) successfully applied SVM for contaminant 

transport modelling in Stream Wairu in New Zealand. They however cautioned 

that SVMs are susceptible to overfitting problems if the number of support 

vectors employed is higher than the number of training samples.  

Cannas et al. (2004) compared the performance of SVM and multi-layer 

perceptron (MLP) in rainfall-runoff modelling. They observed that under non-

stationary conditions, a well-trained MLP performed better than the SVM. 

Sivapragasam and Muttil (2005) employed SVM to implement and extrapolate 

discharge rating curves in three gauging stations in Washington. Results 

obtained showed that SVMs performed significant better than logarithmic and 

higher-order polynomial methods. They also found that SVM was better suited 

for extrapolation purposes than ANN.  

Tripathi et al. (2006) used a SVM-based downscaling model (DM) to statistically 

downscale outputs from a global climate model (GCM) in India. The SVM-based 

DM was coupled to a GCM to obtain future projection of precipitation at a 

monthly time scale. Results were analyzed to ascertain plausible impacts of 

climate change over India. Results showed SVMs as a promising tool for 

statistical downscaling purposes in climate change studies. Rasouli et al. (2012) 

applied SVM for daily streamflow forecasting at various meteorological variables 

and large-scale climate indices in British Columbia, Canada. Results indicated 

that SVM performed satisfactorily in capturing the input-output relationships and 

streamflow regime of river basin. 
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2.2.3 Areas of concern 

Going by application of SVMs in modelling hydrological systems, some areas of 

concern have been identified. 

Asefa et al. (2006) applied SVM for forecasting streamflow at multiple time 

scales in an ungauged river basin in Utah, USA. Local climatological variables 

were used conjunctively with atmospheric circulation indices. A RBF kernel was 

used during implementation of the SVM, while a cross-validation approach was 

used for estimating the SVM parameters. The performance of the SVM method 

was evaluated comparatively with that of a transfer function noise (TFN). It was 

reported that the SVMs produced an overall better performance in terms of 

RMSE values than the TFN models, although the TFN model gave a smoother 

prediction especially for the high annual flows. Estimation of prediction 

uncertainty in SVMs was suggested, as they noted that weaknesses arise in the 

selection of kernels and hyper-parameters.   

Lin et al. (2006) through a comparative study demonstrated the capability of 

SVMs to predict long-term flow discharges while using a hydrological time series 

with nonlinear features. Results indicated that the SVM models were able to give 

more accurate predictions compared with that of ANN and ARMA-derived 

models. However, they pointed out that high computational time is required 

while applying SVMs to solve problems with large data-size. Their final 

submission was in line with that of  Asefa et al. (2006), as they also emphasized 

that challenges of kernel and model parameter selection are inherent in the use 

of SVMs. Behzad et al. (2009) in a more recent study however shared a 

contrasting view to that of Lin et al. (2006) in terms of computational time of 

SVMs. They opined based on results of their comparative study with a genetic 

algorithm (GA)-inspired ANN that SVMs are considerably faster with the same or 

higher accuracy.  
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In a study conducted by Bray and Han (2004) in the Bird Creek region, USA, 

SVM was applied to forecast runoff with focus of the identification of a suitable 

model structure and significant model parameters. The relationships between 

several model structures, kernel functions, model parameters, scaling factors 

and input vectors were investigated. This was done with the aim of providing 

valuable information for efficient model structure identification for the benefit for 

future research. Results showed that the TFN model used as a basis for 

comparison performed better than SVM in short-term forecasts, as the SVM 

encountered difficulties in searching for global optima. They remarked that 

irrespective of the nonlinear features and flexibility of the SVM input vectors, the 

process of optimizing SVMs is very complex and that parameter sensitivity has 

great influence on computational time. The need for future exploration was 

however suggested as it was noted that some uncertainties are being generated 

in the use of SVMs in hydrological modelling studies. 

Following the nature of the contrasting views that surround the use of SVMs, it 

can be concluded that the use of SVMs in water-related studies exhibits certain 

degree of uncertainty. Hence, this might be considered a reason for its limited 

application in water-related studies. 

2.2.4 Performance improvement methods 

Having established some areas of concern in the use of SVM, efforts have been 

made by some researchers to address the aforementioned grey areas so as to 

improve the performance of SVM. One major approach that has been employed 

by researchers is the hybridization of SVM with other DDMs. 

Chau and Wu (2010) developed a hybrid model by the integration of an ANN, 

SVR and SSA for daily rainfall prediction in China. The joint effect of the ANN-

SVR model and SSA was then subjected to investigation. Results showed that 
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the hybrid model performed better than other individual models, as the 

incorporation of SSA ensured significant improvement in the rainfall forecast. 

Kisi et al. (2012a) also applied a discrete wavelet transform and SVM 

conjunctively in forecasting monthly streamflow in Turkey. The performance of 

the hybrid model was thereafter compared with that of a single SVM. Results 

found that hybrid models could improve the forecast accuracy of the SVM model 

in forecasting monthly streamflows. Shabri and Suhartono (2012) developed a 

least-square support vector machine (LSSVM) for streamflow forecasting in 

Malaysia and compared its performance to ARIMA, ANN and SVM models. 

Results obtained showed that the hybridization of the SVM and least square 

methods could influence the performance of SVM models positively. Likewise, 

Bhagwat and Maity (2013) explored the potential of a LS-SVR for daily 

streamflow forecasting in India. Results obtained were in firm agreement with 

that of Shabri and Suhartono (2012), as the hybrid model was found to have 

better correspondence between observed and predicted values when compared 

with individual models. 

It has also been noted that the performance of SVM models depends on the 

selection of kernel function and proper setting of its hyper-parameters (Rasouli 

et al. 2012; Sudheer et al. 2013). However, the effective calibration and 

optimization of SVM parameters as well as choice of kernel function has always 

been a major challenge and source of uncertainty in results obtained from SVMs 

(Lin et al. 2006). Consequently, researchers have developed various methods 

towards addressing this shortcoming. These include the development of 

algorithms for selection of kernels and optimization of SVM model parameters.  

Wu et al. (2008) proposed a distributed SVR (D-SVR) in which a linear 

regression (LR) and two-step GA algorithm was used alongside Gaussian RBF 

kernel to find the optimal model parameters. The D-SVR model was applied for 

river flow prediction in the Yangtze River, China. Results indicated that the 
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proposed model gave better performance in comparison to the conventional 

SVR models. It was further reported that the computational time was 

dramatically reduced when compared with the conventional SVR. Rasouli et al. 

(2012) coupled a SVR to a GA optimization model, to determine the optimal 

hyper-parameters and kernel functions of the SVR model. The SVR model 

performed satisfactorily when employed to forecast short-term streamflow 

variability in Canada. A Bayesian neural network (BNN) was however found to 

have outperformed the SVR model.  

More recently, in order to achieve appropriate setting of SVM model parameters, 

Sudheer et al. (2013) adopted an alternative method. A quantum-behaved 

particle swarm optimization (QPSO) method was used to optimize and fine-tune 

the SVM model parameters. The SVM-QPSO model was used to forecast 

monthly streamflows in two river gauging stations in India. Results showed that 

the SVM-QPSO model outperformed simple SVM and PSO models. 

Furthermore, the results showed clearly poor performance of the simple SVM 

models when the model parameters and their settings are not properly selected. 

2.2.5 Advantages and disadvantages 

The advantages and disadvantages associated with its use of SVMs in 

hydrological modelling studies are presented. 

First of all, SVM is not a black-box model, but can be referred to as a semi-

black-box model. The reason being that the model parameters are explicit in the 

manner with which the training patterns arrive at the final solution. Also, SVM 

showcases a definite model structure due to the fact that optimization in SVM is 

convex in nature and therefore has only one optimal point (Auria and Moro 

2008). This serves as an advantage over the ANNs, as ANN models are usually 

characterized by several local optima, thus resulting into an arduous search for 

the most suitable optimal point (Jin et al. 2003). 
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Another advantage of SVM is its simplicity and potency in handling multi-

dimensional inputs. Unlike in ANNs, where the process of optimizing model 

parameters (while using multi-dimensional inputs) culminates into complicated 

network architectures, the number of model parameters in SVMs remains 

constant with increase in input dimension (Jordaan 2002). Finally, the execution 

of the SRM principle in SVM rather than that of ERM as used in other DDMs 

facilitate better generalization on unseen datasets (Sudheer et al. 2013). Thus, 

the SRM principle makes SVM more robust against data characterized by 

outliers and noise (Sivapragasam et al. 2001; Bray and Han 2004).   

One of the major limitations of SVM is its slow response and high computational 

demands, which is typical of SVM when presented with large amount of datasets 

(Lin et al. 2006). Vojinovic and Kecman (2004) pointed out that SVM may suffer 

from severe over-fitting if the ratio of support vectors to training samples is very 

high. Following the need for appropriate selection of kernel functions and hyper-

parameters, it has been found that the search for an optimum model in SVM is 

often exhaustive and prohibitive in nature, resulting in very long computational 

times (Bray and Han 2004). Therefore, the process of finding an appropriate 

kernel for each specific task can be said to be highly laborious. The use of 

historical datasets as support vectors in SVM also limits its ability to extrapolate 

outside the range of the training datasets. Finally, Bray and Han (2004) 

remarked that SVM produces only point predictions, thereby making it 

unsuitable for use in probabilistic forecasts.   

2.3 K-NEAREST NEIGHBOUR (K-NN) METHOD 

2.3.1 Introduction 

The K-nearest neighbour method belongs to the class of methods based on the 

working principle of instance-based learning (IBL) algorithms. IBL algorithms are 

algorithms that initialize by storing information from the training samples using 
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specific instances, and delays generalization effort until need arises for the 

prediction of a new query instance (Akbari et al. 2011). They apply experiential 

knowledge gained from initial events to generate details about relatively new 

instances. They achieve this by retrieving salient information from a set of 

nearest neighbours and building localized models based on them. The K-NN 

method is a typical representative of IBL, and thus operates by describing 

complex functions as a collection of less complex local approximations, with the 

letter, K, symbolizing the number of nearest neighbours. K-NN combines the 

target variables of K selected neighbours to determine the target outputs of a 

given test pattern. The pattern is represented by a limited number of illustrative 

observations referred to as “features”, and consequently characterized by a 

vector known as “feature vector” (Shamseldin and O’Connor 1996). This 

enables K-NN to recognize the feature vectors as a subgroup of the original 

pattern. Thus, K-NN is considered to be intuitive in nature, though it also exhibits 

highly influential statistical features (Karlsson and Yakowitz 1987).  

In K-NN, the nearest neighbours are interpreted as a function of a Euclidean 

distance which is a measure of the proximity or similarity of a feature vector of 

query distance and any feature vector of the training sample (Galeati 1990). The 

Euclidean distance is often estimated as a weighted Euclidean norm. 

Furthermore, based on the Euclidean distance, each of the K neighbours is 

assigned a weight factor, so as to reveal the relative impact on the prediction 

value. The weights are computed such that they generate the lowest mean 

square error of forecasting over the training samples. A number of kernels have 

been used for the implementation of K-NN. They include linear, inverse, square 

inverse, exponential and Gaussian kernels (Akbari et al. 2011).  

2.3.2 Application of K-NN in hydrological modelling 

Karlsson and Yakowitz (1987) was the first to subject the K-NN method to use in 

hydrologic studies. K-NN method was applied to solve a univariate rainfall-runoff 
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forecasting problem. Results obtained showed a competitive performance 

between the K-NN, autoregressive moving average with auxiliary input (ARMAX) 

method and instantaneous unit hydrology (IUH) forecast methods. The 

satisfactory results obtained thereafter defined a robust theoretical foundation 

for subsequent use of the K-NN method. Galeati (1990) investigated the 

potential of K-NN in predicting daily average discharge in a rocky basin in Italy. 

Results yielded comparable results between K-NN and an autoregressive model 

with exogenous input (ARX). Kember et al. (1993) used the K-NN method to 

forecast daily river flow at a single site, and found it to provide improved 

forecasts. Shamseldin and O’Connor (1996) applied K-NN to fine-tune 

parameters of a linear perturbation model in river flow forecasting study, 

obtaining an improved and more reliable forecast. Solomatine et al. (2008) 

compared the performance of K-NN, ANN and M5 model trees for hourly and 

daily rainfall prediction. Results demonstrated that K-NN is comparable to other 

DDMs, especially when a Gaussian kernel is employed.  

K-NN has also found application in climate change impact studies. Yates et al. 

(2003) found out that K-NN is capable of generating alternative climate 

information when conditioned upon hypothetical climate scenarios. Leander and 

Buishand (2007) applied the nearest neighbour method to resample outputs 

from a regional climate model (RCM), and its performance was remarkably 

satisfactory. Bannayan and Hoogenboom (2008) further testified to the reliable 

performance of the K-NN method when used for resampling daily temperature 

and precipitation events. Sharif and Burn (2006) used an improved K-NN for 

perturbation of historical datasets in a climate change assessment study of the 

upper Thames River Basin, Canada. Results showed that the K-NN was 

effective in producing the desired precipitation amounts.  
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2.3.3 Areas of concern 

Some issues relating to the efficacy of the K-NN method have been raised via its 

application in some assessment studies. Toth et al. (2000) investigated the 

potential of the K-NN method comparatively with the ARMA and ANN methods 

for short-range rainfall prediction. Results demonstrated that the K-NN model 

failed to provide noteworthy predictive performance when compared with the 

ARMA and ANN methods. It was discovered that the improvement of the 

performance with an increasing number of nearest neighbours was less 

noticeable, with no marginal improvement in overall performance when K is 

increased beyond a certain limit. An investigative study conducted by Scheuber 

(2010) further corroborates Toth et al. (2000)’s findings, as he remarked that the 

selection of suitable parameters in the development of K-NN is quite challenging 

and could have negative impacts on algorithm performance. He further stressed 

that increasing K translates to the introduction of spatially more distant reference 

data, which consequently leads to higher degree of bias.  

Kim and Tomppo (2006) carried out a prediction error uncertainty assessment of 

K-NN method, and found out that K-NN lacks the logical approach to compute 

error estimates for domains of arbitrary size. This is in agreement with results 

from Maltamo et al. (2003) and Gjertsen (2007)’s study in which over- and 

under-estimations of the lowest and highest historic observations were evident. 

This further shows that limitations exist to the methodological and analytical 

characteristics of the K-NN method. 

2.3.4 Performance improvement methods 

Several methods have been devised by experts towards improving the 

performance of the K-NN algorithm. Akbari et al. (2011) established that 

inconsistencies do occur in query instances in K-NN, which thereafter show up 

in the data points of output values, thus leading to the deterioration forecasting 

results. A clustered K-NN (CKNN) was introduced to capture inconsistencies in 
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data points, and was found to be robust against a set of noisy data. In addition, 

the CKNN demonstrated high level efficacy for daily inflow forecasting of a 

reservoir in Iran. 

Magnussen et al. (2010) tested a model-based calibration method to reduce the 

out-of-sample extrapolation bias often associated with K-NN. Results showed 

that the calibrated K-NN predictions were considerably closer to observed 

values than regular non-calibrated predictions. Prairie et al. (2006) also 

developed a modified K-NN which involved the use of a probability metric to 

resample residuals from a traditional K-NN. The approach entails giving more 

weight to the nearest Neighbours and less to the farthest. The resultant model 

was applied to monthly streamflow in the Colorado River, United States, and 

was found to exhibit better performance in terms of capturing the patterns 

inherent in the datasets. Finally, in order to simplify the computational task of the 

K-NN algorithm, there is a need for reduction in the dimensionality of the K-NN 

feature space through its synergetic use with other transformation methods such 

as principal component analysis (PCA) (Kim and Tomppo 2006).  

2.3.5 Advantages and disadvantages 

The K-NN is a learning algorithm which exhibits simplicity and robustness, and 

thus can tolerate noise and irrelevant attributes. K-NN also possesses the ability 

to give a good representation of probabilistic and overlapping concepts 

simultaneously, and as well capable of naturally exploiting inter-attribute 

relationships (Aha et al. 1991). K-NN also gives room for the identification of 

past events (instances), which makes it more explicit in nature when compared 

with the ANN. This feature makes it suitable for use in hydrological studies, and 

hence its acceptability by forecasters.  

On the other hand, K-NN does not have the ability to discover any input-output 

mapping functions, not even a posteriori like the ANN does (Benyahya et al. 
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2007). Thus, it has no extrapolation ability when presented with unfamiliar input 

vectors, meaning, it has no ability whatsoever to predict values higher than 

those in the range of the historic observations (Galeati 1990; Hessenmoller and 

Elsenhans 2002). This serves as a major disadvantage to the use of K-NN, as 

its credibility is severely limited when used for real forecasting. 

2.4 CHAOS THEORY-BASED METHODS 

2.4.1 Introduction 

It has been established that hydrological processes is often characterized by 

high degree of complexity, nonlinearity and dynamism (Sivakumar 2003). 

However, certain aspects of the system may be less nonlinear than others and 

the nature of nonlinearity may not always be clear (Tsonis 2001). The 

hydrological domain can be considered as a chaotic dynamic system. In the 

nonlinear science literature, the term “chaos” refers to circumstances where 

complex and random-looking behaviours originate from simple nonlinear 

deterministic systems, showing sensitive dependency on initial conditions 

(Sivakumar and Berndtsson 2010). Thus, a deterministic system is considered 

to be chaotic whenever its sensitivity depends on the initial conditions. 

Generally, due to the fact that the experimental initial conditions of these 

systems are imperfectly understood, coupled with their dependency on initial 

conditions, the nonlinear systems is said to be essentially unpredictable 

(Youssef et al. 2013).  

According to Sivakumar and Berndtsson (2010), there are three fundamental 

properties inherent in chaos theory when related to hydrologic systems and 

processes. The first property is referred to as nonlinear interdependence which 

represents the ‘general’ nature of hydrologic phenomena, whereas the second 

and third represents their ‘deterministic’ and ‘stochastic’ natures respectively. 

Thus, some methods have being applied for the purpose of chaos identification 
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and prediction. These methods include auto-correlation function (ACF), average 

mutual information (AMI), correlation dimension, power spectrum, Lyaponov 

exponent, Kolmogorov entropy, phase space reconstruction (PSR), etcetera (Li 

et al. 2013). Such chaos identification methods help in (i) determining the 

degree of dependence present in successive values of a time series (ii) 

estimating the dimensionality (iii) defining the delay time and reconstructing 

phase space (iv) the differentiation of chaotic signals from noise and (v) 

investigating convergence/divergence and predictability.  

The phase space reconstruction (PSR) however is one of the most widely used 

method for chaos identification. It operates by representing the dynamics of a 

system using trajectories in ‘phase space’ graph or diagram (Elshorbagy et al. 

2002a). This property implies that two trajectories emanating from two 

independent but neigbhouring conditions separate exponentially with time 

(Boccaletti et al. 2000). The trajectories of the phase space diagram describe 

the evolution of the system from the preliminary state to target points called 

‘attractors’, and thus give a historical representation of the system. The region of 

attraction of these trajectories which in depicted in the phase space diagrams 

ensures the provision of qualitative information on the degree of complexity of 

the system. Thus, the ability of chaos theory-based method to predict the future 

from complex, nonlinear and dynamic historic instances makes it suitable for use 

in hydrological modelling studies. 

2.4.2 Application of chaos theory in hydrological modelling 

The application of chaos theory in hydrologic studies dates back to the late 

1980s in Boston when Rodriguez‐Iturbe et al. (1989) pioneered it use in 

modelling storm rainfall recorded at 15-seconds interval. A satisfactory 

realization was obtained from the results as trajectories of the system in the 

phase space gave a preliminary support to the presence of chaotic dynamics in 

the historical observations. Since then, investigations of nonlinearity and 
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application of chaos theory to hydrological processes have received increased 

attention. Chaos theory-based methods have found application of across various 

aspects of hydrology such as prediction of rainfall-runoff, river flow, lake water-

levels, missing data estimation, noise reduction and determination of chaos in 

hydrological time series, etcetera (Jayawardena and Lai 1994; Solomatine et al. 

2000; Sivakumar et al. 2001; Elshorbagy et al. 2002a, 2002b; Sivakumar et al. 

2002; Wang et al. 2006b; Li et al. 2013).  

Jayawardena and Lai (1994) used chaos identification methods to determine the 

presence of chaos in daily rainfall and streamflow time series measured from 

two stations in Hong Kong. Results confirmed the presence of chaos in the time 

series datasets. The chaos reconstruction method was found to be superior to 

ARMA. Sivakumar et al. (2001) investigated the possibility of the existence of 

chaos in monthly rainfall and runoff series at the Gota River Basin in Sweden. 

Results provided substantial evidence that combined rainfall-runoff processes 

may exhibit chaotic characteristics. In the same vein, Elshorbagy et al. (2002a) 

successfully applied the correlation dimension method to identify chaos in daily 

flows in the English River, Canada. The analysis of chaos approach was also 

productive in configuring two models for the purpose of estimating missing data. 

Sivakumar et al. (2002) applied PSR to forecast river flow dynamics of the Chao 

Phraya River in Thailand. The performance of the PSR method was estimated 

comparatively with that of ANN. Though, it was reported that the two methods 

performed satisfactory, the PSR method was found to have considerable edge 

over the ANN in all facets of prediction. Li et al. (2013) used six chaos 

identification methods to determine the existence and intensity of chaos at three 

individual time scales. Results revealed low-dimensional chaos and minimal 

fraction of nonlinear intensity in the runoff dynamics at different time scales. The 

results also produced reasonable predictions to indicate the efficiency of the 

nonlinear prediction method. 
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2.4.3 Areas of concern 

Going by the series of applications mentioned in the preceding section, it can be 

noted that some genuine efforts has been made towards the exploration of the 

potential of chaos theory for modelling and prediction of hydrological processes. 

However, the reliability of the chaos identification and prediction methods in 

identifying chaotic patterns has been under considerable debate. While some 

studies have denied the presence of chaos in hydrological systems (Wilcox et al. 

1991; Pasternack 1999; Khan et al. 2005), others shared contrasting views over 

the presence of low-dimensional chaos in hydrological processes (Schertzer et 

al. 2002; Wang et al. 2006b). Thus, doubts and criticisms are being raised with 

regards to some key decision factors that influence its application. Among the 

factors are: data size, data noise, presence of zeros, delay time selection and 

selection of suitable parameter values (Sivakumar and Berndtsson 2010). 

Solomatine and Ostfeld (2008), in a similar manner, stated that chaos theory 

can only be applied successfully when the times series under study exhibits 

certain attributes such as periodicity and considerable nonlinearity, and when 

the time series is of adequate (considerable) length. Thus, chaos theory method 

has no universal applicability. 

In light of the foregoing, further exploration is still desirable, as there is an 

absence of consensus on the type of nonlinearity that exists in hydrological 

processes and in the selection of key decision factors. More understanding into 

the degree of nonlinearity will give direction with respect to the type of model 

(linear or nonlinear) to be applied to a particular system.  

Finally, the true potential of chaos theory in hydrology can only be realized when 

efforts are directed towards solving more challenging problems such as 

hydrologic scaling and model parameterization problems, rather than chaos 

identification and prediction from historical data (Sivakumar 2009). 
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2.4.4 Performance improvement methods 

More recently, some studies have focused on improving the performance and 

acceptability of the chaos theory method. Cui and Jiang (2012) used a 

combination of the PSR method and a Binary Particle Swarm Optimization 

(BPSO) method for chaotic time series prediction. The BPSO was incorporated 

to search for the optimal parameters (time delay and embedding dimension) in a 

new local linear model by minimizing standard prediction errors. Results showed 

the viability and efficacy of proposed approach, as improvement in the predictive 

accuracy of the local linear model was evident. Jia et al. (2011) also developed 

a hybrid algorithm termed CGPSO, which is a combination of canonical PSO 

with chaotic and Gaussian local search methods. The CGPSO was used for 

parameter optimization, and was found to be successful in solving high-

dimensional problems. 

Zhu and Hao (2012) developed a hybrid model by combining chaos theory with 

a back-propagation neural network (BPNN). The hybrid model was applied in 

predicting chaotic flood sequences in the lower Yellow River in China. A 

considerable improvement in forecast accuracy was seen in the results 

produced by the hybrid model.   

2.4.5 Advantages and disadvantages 

The major advantage of the chaos theory-based method is in its ability to 

determine the extent of nonlinearity in hydrological processes. Chaos theory-

based methods thus help in providing accurate predictions from historical 

observations, given that the historical time series exhibits chaotic nature. This 

characteristic ability of chaos theory-based methods however appears to be its 

limitation, as it makes it suitable for only chaotic hydrological series, thereby 

lacking universal applicability. In reality, a given set of historical time-series must 

indeed exhibit certain properties in order for chaos theory-based method to 

achieve meaningful success (Solomatine and Ostfeld 2008).  
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In addition, the selection of parameters and chaos identification methods can be 

considered to be challenging. Chaotic systems are highly sensitive to parameter 

variations and to initial conditions, because the chaos is a source of oscillation 

and instability (Youssef et al. 2013). Therefore, modellers face great difficulty in 

determining the appropriate parameters, and also in exploring different types of 

chaos identification methods one after the other (Li et al. 2013). Although, the 

development of performance improvement methods such as hybridization and 

optimization algorithms may result in minimized predictive error (Cui and Jiang 

2012), it may also lead to higher computational demands (Ma 2013). 

2.5 MODEL TREES (MTs) 

2.5.1 Introduction 

The model tree (MT) is a piecewise linear model unlike other nonlinear models 

such as the ANN and GP. MTs are extensions of classification and regression 

trees, in which computational process is represented by a hierarchical tree-like 

structure (Deo 2009). It comprises of a root node or decision point that 

subdivides into several other nodes and leaves. The process of developing the 

nodes and branches into a tree is based on the idea of splitting the input space 

into mutually exclusive domains, according to a predefined splitting criterion, 

progressively narrowing down the size of the domains (Galelli and Castelletti 

2013). When the number of instances in a domain becomes smaller than the 

predefined value, the splitting of that domain is finally brought into a halt with the 

creation of a leaf. Each time a new instance is fed into the tree, it follows after a 

specified path in accordance with the splitting rules defined in the tree-building 

procedure. A linear regression (LR) model is thereafter developed for each 

domain, and thus formulates a piecewise linear function for the estimation of 

nonlinear relationship between input-output variables as shown in Figure 3.  
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The growing of model trees is carried out using algorithmic rules, which majorly 

is a function of the splitting criterion utilized. The M5 algorithm (Quinlan 1992) is 

commonly used for inducing a MT and its working principle is as follows. 

Assuming there exist a set of training samples (initial instance), P, characterized 

by values of a fixed set of (input) attributes and a corresponding target (output) 

value. The objective is to develop a model that relates a target value of the 

training samples to the values of their input attributes based on a divide-and-

conquer method (Londhe and Charhate 2010).  

 

Figure 3: Splitting of the input space such as X1 × X2 by M5 model tree 

algorithm; each model is a linear regression model y = a0 + a1x1 + a2x2. Source: 

Jung et al. (2010). 

The overall quality of the model will be determined by the accuracy with which it 

predicts the target values of set of new unseen data (new instance). The set P is 

either associated with a leaf, or some test is chosen that splits P into subsets 

corresponding to the test outcomes and the same process is applied recursively 

to the subsets. The splitting criterion for the M5 algorithm is based on treating 
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the standard deviation of the class values that reach the node, as a measure of 

the error at that node. Thus, the variable that maximizes this error reduction is 

chosen for splitting at that node. The mathematical expression for representing 

the standard deviation reduction (SDR) is given in equation (1): 


i

i
i Psd
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PsdSDR )()(          (1) 

where SDR = standard deviation reduction; sd(P) = standard deviation of all the 

training samples having a total number, P; Pi = i-th subset of P; and sd(Pi) = 

standard deviation of the i-th subset.  

Upon the exploration of all possible splits of input space, the M5 algorithm finally 

selects the one with the maximum value of SDR, which it then uses to develop 

linear regression models in the individual domains. Splitting terminates when the 

outputs of all the data that reach the node vary slightly or when only a few 

remain (Shrestha and Solomatine 2008). Pruning of the trees is carried out right 

away to prevent the problem of over-fitting which may occur as a result of 

monotonic increase in the training samples during tree growth (Jung et al. 2010). 

Finally, a ‘smoothing’ operation is performed to compensate for sharp 

discontinuities that inevitably occur between adjacent linear models at the 

leaves of the pruned tree. The smoothing operation thus updates the predicted 

values from neigbhouring equations in order to achieve better agreement as a 

whole.  

2.5.2 Application of MTs in hydrological modelling 

The M5 MT technique can be considered to be relatively new in solving 

hydrological problems, with its first application in rainfall-runoff prediction 

reported by Kompare et al. (1997).  Water-related areas in which MT have been 

successfully applied include rainfall-runoff and streamflow modelling 
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(Solomatine and Dulal 2003; Khan and See 2006; Jagtap 2013); sedimentation 

modelling (Bhattacharya and Solomatine 2006); modelling of water pollutants 

(Ostfeld and Salomons 2005; Preis et al. 2006); and climate change impact 

modelling (Goyal and Ojha 2013; Nasseri et al. 2013). 

Comparative studies have also been conducted with the aim of estimating the 

potential of M5 MTs against other DDMs. Solomatine and Dulal (2003) applied 

M5 MTs for rainfall-runoff modelling at different hourly time-slices, and 

compared its performance to that of ANNs. The performance of both models 

were said to be comparable, although the ANNs performed slightly better at 

higher lead times. However, M5 MTs produced more interpretable models and 

also allowed for development of modular models of varying complexity and 

accuracy. Khan and See (2006) employed one statistical model and three DDMs 

namely MLR, ANN, M5 MTs and evolutionary neural network (Evo-NN) in river 

level forecasting. The study was carried out in the Ouse River catchment located 

in Northern England. Results showed that the M5 and Evo-NN models provided 

the best performance based on global performance measures. Furthermore, it 

was observed that the M5 model demonstrated its ability to make explicit its 

internal structures, unlike other black-box models such as the ANNs. 

In a quest for more accurate predictive models in hydrology, M5 MTs have 

gained some recognition in the development of modular and hybrid models, due 

to its transparent and intelligible nature. Solomatine and Xue (2004) built a 

modular model comprising of M5 MT and ANN which was applied to flood 

forecasting in the upper Huai River, China. Flood samples with different 

hydrological features also split into groups using separate M5 and ANN models. 

Improved accuracy in predicting high floods was generated by the modular 

model when compared with both individual models. The authors also attested to 

the fact that the incorporation of M5 MTs ensured transparency of the internal 

features inherent in the hydrological processes. Likewise, Bhattacharya and 



37 
 

Solomatine (2005) constructed a model with an ANN model and M5 MT for river 

stage-discharge modelling. The model was found to be superior in accuracy to a 

conventional stage-discharge rating curve, most especially during periods of 

high flow. They finally submitted that the M5 algorithm did not only allow for 

higher accuracy, but was also being transparent, simple, verifiable and easily 

demonstrable. Results from Ajmera and Goyal (2012)’s stage-discharge 

modelling study also supported this claim, as the M5 MTs outperformed three 

different ANN algorithms as well as the conventional stage-discharge method. 

2.5.3 Areas of concern 

Some issues relating to the application of M5 model trees in hydrological studies 

have been identified. One of such issues which have been reported in literature 

is the partitioning or splitting problem. Solomatine and Dulal (2003) observed 

from their study that results from their M5 model at higher lead times and peak 

flows produced sub-standard predictions compared with the ANN model. This 

was ascribed to the splitting criteria used to build linear models at the leaves. 

They noticed that model trees do not use all available attributes to make linear 

models at any leaf. Only attributes which fulfill the condition of certain criteria 

(such as SDR) go under one sub-tree, terminating to a leaf. This therefore may 

have resulted into the non-inclusion of influencing attributes. In addition, the 

resultant model tree was deemed to be so large, and an attempt made to prune 

it to a smaller size led to deterioration of accuracy. Thus, it can be inferred that 

unsupervised pruning operation of model trees could result into poor predictive 

performance.  

Londhe and Charhate (2010) also reported cases of over-estimations of peak 

values in their river flow forecasts, which were attributed to the absence of 

influencing attributes in the development of the linear models. Bhattacharya and 

Solomatine (2006) additionally suggested that further improvement in terms of 

performance could be achieved by including additional information about 
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physical processes, using larger datasets or by exploring other machine learning 

methods. 

In furtherance to the abovementioned, the ability of MTs to rapidly increase 

computational requirements when confronted with high dimensionality have also 

attracted a bit of concern.  Although, such ability enables MTs to learn efficiently 

and undertake tasks with high dimensionality (Solomatine and Dulal 2003); it 

could however lead to extremely high computational demands (Ganesan 2011).   

2.5.4 Performance improvement methods 

Some efforts have been directed towards addressing the aforementioned areas 

of concern. An M5ʹ algorithm, a modification to the M5 algorithm was presented 

by Wang and Witten (1996). M5ʹ allows for pruning of the tree size with minimal 

penalty in prediction performance via the incorporation of a pruning factor, which 

can be specified by the user. Thus, the M5’ algorithm seemingly outperformed 

the original M5 algorithm.  Samadi et al. (2012) tested M5ʹ MT for prediction of 

scour depth below free overall spillways, and evaluated its performance against 

classification and regression trees (CART). The results indicated that M5ʹ MT 

produced better predictions than the CART method. Mafi et al. (2013) also 

applied M5ʹ for modelling long-shore sediment transport rate (LSTR), and its 

performance compared to that of existing empirical equations initially proposed 

for such purpose. Results found that equations derived from the M5ʹ MT method 

predicted LSTR more accurately than the existing formulas, producing lesser 

error estimates. This result is also agreement with that obtained from Nasseri et 

al. (2013)’s climate change modelling study. They employed a combination of 

M5ʹ algorithm and three other nonlinear data mining methods in developing a 

nonlinear data mining downscaling model (NDMDM). The performance of the 

NDMDM model was evaluated comparatively with a popular statistical 

downscaling model (SDSM), using daily precipitation events. Results indicated 
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better performance of the NDMDM model when a combination of M5ʹ and 

multivariate adaptive regression splines (MARS) methods was employed.  

Asides the applications of the M5ʹ algorithm, some experts have also proposed 

other methods aimed at solving the partitioning problem in M5 model trees. 

Rather than use piecewise linear regression models at the leaf nodes of the 

model tree, Jung et al. (2010) employed partial least square regression (PLSR), 

which is an extension of multivariate linear regression. The M5-PLSR MTs was 

thereafter compared with the M5ʹ MTs, MLF- and RBF-ANN and K-NN for algal 

growth prediction in a Korean reservoir. Results show improved prediction by 

both M5ʹ and M5-PLSR MTs using partitioned datasets, with the M5-PLSR MTs 

performing better than other algorithms via the use of more closely correlated 

multivariate datasets. 

Hong and Chen (2012) proposed an extension of sample efficient regression 

tree (SERT) approach, which entails the fusion of the forward selection of 

regression analysis and the regression tree methodologies. This was done with 

the aim of maximizing the degree of freedom of the datasets and also to obtain 

unbiased model estimates. The outcome of the study was the realization of an 

unbiased MT. Recently, an innovative method termed turning point regression 

tree induction (TPRTI) was developed by Amalaman et al. (2013) to determine 

optimal split points in MTs. The workings of the TPRTI method include: division 

a set of data into subsets using a sliding window, computation of a centroid for 

each subset and use of the centroid for identifying turning points which indicates 

where general trend changes in the input space. The novel approach was 

compared with the M5 algorithm using synthetic and real-life datasets for 

experimentation. Results from the TPRTI method showed higher predictive 

accuracy and improvement in scalability and low model complexity when 

compared with the M5 algorithm. 
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However, irrespective of the recent developmental concepts which have resulted 

into improved accuracy of MTs, the need to reduce its high computational 

demands is still of concern to modellers (Ganesan 2011). Galelli and Castelletti 

(2013) recently advised on the need for development of techniques that will 

strike a balance between accuracy and computational requirements. 

2.5.5 Advantages and disadvantages 

The applications of MTs in hydrological studies have been found to have certain 

advantages. Such advantages include its ability to produce simple, accurate, 

transparent, provable and understandable models (Bhattacharya and 

Solomatine 2005; Jung et al. 2010). M5-derived models have also been found to 

consistently showcase high rate of convergence, especially under fewer events 

(Singh et al. 2010; Ajmera and Goyal 2012). The pruning operation performed 

on newly built model trees also help to counter overfitting problems (Jung et al. 

2010), provided the operation is well supervised. Furthermore, the partitioning of 

the input space of model trees allows for the combination of several local linear 

models, which consequently results in improved model accuracy (Sattari et al. 

2013). 

However, certain drawbacks to the use of model trees have also been identified.  

They include: (i) partitioning problems which normally occur when the ratio of 

instances (observations) is smaller than the number of attributes (variables) 

(Jung et al. 2010); (ii) need for high level of expertise for model implementation, 

especially as it relates to the achievement of optimal partitioning and pruning 

(Solomatine and Siek 2006); (iii) high computational demands and fallible 

performance when used to model data with high dimensionality and nonlinear 

features (Pal et al. 2012; Garg and Jothiprakash 2013); and (iv) generation of 

equations that are easily verifiable but not realistic in terms of physical 

interpretation (Londhe and Charhate 2010) . 



41 
 

2.6 FUZZY RULE-BASED SYSTEMS (FRBS) 

2.6.1 Introduction 

Fuzzy rule-based systems are based on the method of fuzzy logic, established 

by (Zadeh 1965). FRBS are built by simulating the reasoning process of humans 

in order to achieve transparency in modelling processes (Bourdin et al. 2012). In 

FRBS, knowledge is represented using IF-THEN rules (Adriaenssens et al. 

2004). A typical rule is represented as IF-(antecedent part)-THEN (consequence 

part) (Katambara and Ndiritu 2009). The initialization procedure of an FRBS 

model entails choosing input and output variables which it uses in defining fuzzy 

sets. The FRBS model thereafter uses the fuzzy sets to construct membership 

functions on the input domain of the model. This is achieved by partitioning the 

domain into a number of overlapping regions. The membership functions are 

represented using quantitative and linguistic terms. Several types of 

membership functions that can be used for the fuzzy set in the antecedent of the 

rules include triangular and Gaussian functions.  

Relationship between membership functions of the inputs and that of the outputs 

are expressed by using linguistic logical statements based on the subjective 

knowledge of the modeller. For example, river flow can be categorized as “low”, 

“intermediate” and “high”. Thus, matching of the inputs and outputs with fuzzy 

rules can be expressed as:  

“IF Input 1 is LOW and Input 2 is HIGH THEN Output is INTERMEDIATE” 

The structure of the rule could either be a fuzzy set such as the Mamdani model 

(Mamdani 1974), or a function, often linear referred to as a Takagi-Sugeno-Kang 

(TSK) model (Takagi and Sugeno 1985; Sugeno and Kang 1988). Upon the 

formulation of a rule, an iterative and tuning process is introduced to relate 

observations to the rules. Finally, FRBS combines the fuzzy rules through an 

inference engine, and “defuzzification” is used to collapse the fuzzy or estimated 
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model output into a single crisp value (Bourdin et al. 2012). Conventional 

defuzzification methods include center of area (or gravity) method, bisector 

methods, and some other methods which focuses on the maximum membership 

value attained by the set. Following the working principle of FRBS, hydrological 

systems can be modelled through the processing of historical observations and 

mapping of input-output variables, thus forming a DDM. 

2.6.2 Applications of FRBS in hydrological modelling 

FRBS have found application in several water-related studies, such as rainfall-

runoff modelling, management of reservoir operations, streamflow and water-

level forecasting, ecological and sediment yield modelling (See and Openshaw 

2000; Xiong et al. 2001; Adriaenssens et al. 2004; Chang and Chang 2006; 

Katambara and Ndiritu 2009; Kisi et al. 2012b; Goyal et al. 2013). 

FRBS have also been found to be effective for river flow prediction purposes. 

Valença and Ludermir (2000) used a neuro-fuzzy network model for monthly 

streamflow forecasting for a hydropower plant in Brazil. Results showed that the 

neuro-fuzzy model provided better predictions than models based on the 

traditional Box-Jenkins method. Aqil et al. (2007b) evaluated the potential of a 

neuro-fuzzy model for the purpose of predicting flow from local source in the 

Citarum River in Indonesia. The performance of the neuro-fuzzy model was 

compared with a MLR. It was reported that the neuro-fuzzy model gave better 

performance for low and medium flows, but underestimated the magnitude of 

high flows. Katambara and Ndiritu (2009) applied FRBS for simulating daily 

streamflows at three reaches of the Letaba River in South Africa. Satisfactory 

results were obtained from the FRBS model despite the irregular and 

intermittent water abstractions that characterize the river.  

Recently, the use of an adaptive neural fuzzy inference systems (ANFIS), a 

hybrid of FRBS and ANN approaches have been widely reported in river flow 
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prediction studies (Chau et al. 2005; Keskin et al. 2006; Wang et al. 2009), with 

results showing that the ANFIS performed slightly better when compared with 

ARMA and/or ANN. 

FRBS have also found application in the development of rainfall-runoff models. 

See and Openshaw (2000) integrated a hybrid neural network, an ARMA model 

and a fuzzy rule-based model for rainfall-runoff forecasting. Hundecha et al. 

(2001) formulated a set of fuzzy rule-based routines to independently simulate 

components of snowmelt, evaporation, runoff and basin response for a 

physically-based (HBV) model. With the aim of automatically generating IF-

THEN rules from historical observations, the first-order Takagi-Sugeno models 

were used to simulate rainfall-runoff transformation (Xiong et al. 2001; 

Vernieuwe et al. 2005; Jacquin and Shamseldin 2006). Luchetta and Manetti 

(2003) employed fuzzy logic to predict rainfall-runoff dynamics, and comparison 

with ANN approach indicated a better performance by the fuzzy method. Nayak 

et al. (2007) developed a rainfall-runoff model by combining fuzzy logic and 

ANN. Results from the hybrid models were found to be comparable with an 

ANFIS model, with a suggestion that the hybrid model could be used as a 

promising alternative to ANFIS for rainfall-runoff modelling purposes. 

FRBS have also been used conjunctively with other models or optimization 

algorithms. Chang and Chen (2001) used a counter-propagation fuzzy-neural 

network (CFNN) rainfall-runoff model for hourly streamflow forecasting, and was 

found to be better in terms of prediction accuracy when compared with the 

ARMAX model. Maskey et al. (2004) used a combination of FBRS and GA for 

treating precipitation uncertainty in a rainfall-runoff model. Shiri and Kisi (2010) 

applied a hybrid wavelet neuro-fuzzy model to investigate daily, monthly and 

annual streamflows in the Filyos River in Turkey. Bagis and Karaboga (2004) 

compared FRBS and neural-fuzzy network system, and results indicated that the 

former was effective for regular reservoir operations, while the latter was 
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effective primarily for flood control. Katambara and Ndiritu (2010) developed a 

calibrated hybrid conceptual-fuzzy-logic model and investigated its potential in 

simulating daily streamflow in the Letaba River, South Africa. The model 

performance was satisfactory regardless of the intricacy of the system and 

insufficiency of relevant data. The study suggested that hybrid conceptual-fuzzy 

logic-modelling could be adopted for more detailed and reliable planning 

analysis than single FRBS modelling, especially when used to model complex 

data-scarce river systems. 

2.6.3 Areas of concern 

Despite the successful application of FRBS in modelling studies, some areas of 

concern have been identified. An area that seems to be of major challenge in 

the use of FRBS is the identification of the optimal number of rules to achieve 

the best performance. Abebe et al. (2000) noted that improper selection of 

fuzzy-rules could lead to extreme generalization and overfitting, especially when 

faced with data insufficiency. It was however suggested to carry out test runs in 

order to determine the optimal number of rules.  Aqil et al. (2007a) also 

attributed the failure of their neuro-fuzzy model in underestimations of high flows 

to the FRBS, which was unable to make proper fuzzy rules corresponding to a 

high-range from the training datasets. They however encouraged the inclusion 

of another input variable for the refinement of the fuzzy rule. Katambara and 

Ndiritu (2010) corroborated this claim by stating that their stand-alone fuzzy-

systems performed poorly in simulating baseline recession due to the lack of 

subjective transformation rainfall and evaporation, and therefore failed to obtain 

realistic modelling. Thus, the representation of input-output relationships by 

FRBS may be hampered if optimal fuzzy rules are not employed. 

In addition, since the determination of optimal rules in FRBS entails choosing 

appropriate input variables and membership functions, the choice of input 

variables and membership functions is therefore important. It has been 
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established that FRBS rules increase exponentially with increase in input 

variables or membership functions, imposing a curse of dimensionality of the 

system, which translates into poor model performance (Li et al. 2010). Thus 

improper selection of input variables and membership functions may result into 

addition of unnecessary variables that will create a more complex model than 

required, and further complicate the rule selection process.  

Another issue that is of concern in the application of FRBS to hydrological 

modellers is the partitioning of the input domain. In FRBS, the number of 

partition represents the number of fuzzy sets, and the corresponding 

membership function defined in that order (Nayak et al. 2005). As a result, the 

partitioning of the input domain is vital to achieving optimal configuration of the 

model. The partitioning of input domain is done using different methods – grid 

partitioning and fuzzy clustering. However, the challenge remains as to which 

method to employ, as both methods come with their strength and limitations. 

The major limitation of grid partitioning are that the number of rules increase 

exponentially (Nayak et al. 2005), and that the membership functions of the 

variables are independent of each other, leading to the disregard of the 

relationship between the variables (Vernieuwe et al. 2005). Moreover, attempt to 

optimize the antecedent parameters leads to the more complexity. In fuzzy 

clustering, the antecedent parameters are obtained from fuzzy clusters. The 

drawback to the use of fuzzy clustering is that, the falling off of any data point 

from the cluster center or outside the cluster affects the model performance. 

2.6.4 Performance improvement methods 

Following the above-mentioned areas of concern, some techniques have been 

employed with respect to improving the performance of FRBS. Chang and 

Chang (2001) introduced GA for the purpose of synergizing it with the ANFIS 

model. GA was used to achieve several objectives such as searching for the 

optimal reservoir operation histogram, construction of suitable model structure 
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and parameters for the ANFIS model and estimation of optimal water release 

from the reservoir. Abolpour et al. (2007) developed a new approach called 

“adaptive neural fuzzy reinforcement learning” (ANFRL) which was derived by 

the combination of ANFIS and fuzzy reinforcement learning. The ANFRL method 

was used for optimizing allocation of water resources and to obtain optimal 

values of decision parameters. Results also showed that ANFRL brought about 

an increase of 16% in water allocation; a value considered not attainable by the 

regular ANFIS model. However, two limitations to the use of ANFRL were 

identified. The first is its requirement for long series of hydrological data in 

deriving a robust set of rules, and the second – the performance of the ANFRL-

derived models is a function of the ability of the ANFIS model to handle data 

variability. Thus, if the ANFIS model does not yield suitable estimation of water 

resources variability, then the ANFRL results will not be accurate.  

Recently, Akrami et al. (2013) applied a new method earlier proposed by 

Jovanovic et al. (2004) to model the dynamic nonlinear behaviour of rainfall. The 

new method, referred to as modified ANFIS (MANFIS) entails modification to the 

structure of the conventional ANFIS model, with the aim of improving its 

performance. MANFIS was used to find the optimal number of rules, discover 

the appropriate membership functions and learning algorithm. A hybrid learning 

algorithm which combines the least square and back-propagation gradient 

descent methods was used to train membership function parameters. Results 

showed that the MANFIS method when compared to the conventional ANFIS 

method produced faster convergence and low computational while maintaining 

outstanding performance. However, improved performance was not noticeable 

when using additional input member functions. 

Generally, majority of the studies have demonstrated that FRBS has good 

predictive abilities. However, some studies have shown that the predictions 

produced by FRBS are quite inferior to that of other simple conventional models, 



47 
 

such as ARMA (See and Openshaw 2000) or MLR (Jacquin et al. 2004).  These 

results therefore substantiate the need to subject the quality of a model to test 

for each given situation, as there is no such flawless model that will perform 

well, at all times, in solving all modelling problems (Maier and Dandy 2000). 

2.6.5 Advantages and disadvantages 

Going by the applications of FRBS discussed in the previous sections, the 

advantages that can be derived from its use as stated by Jacquin and 

Shamseldin (2006) include: (i) ability to infer the nature of complex systems 

purely from data, while also providing  insight about their internal operations; (ii) 

ability to present knowledge that can easily be interpretable by humans; (iii) 

subjective knowledge by expert can be incorporated into the model in a natural 

and transparent way; (iv) flexibility of use, as their architecture and inference 

mechanisms can be adapted to a given modelling problem. Additional 

advantages of the FRBS method according to Aqil et al. (2007a) include: (v) 

ability to handle large amount of noisy data from dynamic and nonlinear 

systems, especially where the underlying physics of the system is not fully 

understood; (vi) ability to improve the performance of other models, and (vii) fast 

model development with less computation time, provided the input vector space 

is well-dimensioned. 

The disadvantages of FRBS however include: (i) inability to provide adequate 

representation of input-output relationships in cases where too many variables 

are required or when used for modelling highly complex systems (Li et al. 2010); 

(ii) suffers from “the curse of dimensionality”, where the number of fuzzy rules 

increases exponentially with little increment of inputs, leading additional 

complexity and higher computational time (Akrami et al. 2013); (iii)  attempts to 

reduce the number of rules generally decreases model generalization ability (Li 

et al. 2010) (iv) lacks an appropriate set of guidelines for calibrating model 
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parameters in a way that will maximize model interpretability (Jacquin and 

Shamseldin 2009). 

2.7 ARTIFICIAL NEURAL NETWORKS (ANNs) 

2.7.1 Introduction 

The inspiration for development of ANN originated from the desire to develop a 

system that mirrors the working principles of the human brain, in making 

intelligent decisions. ANNs consist of a large pool of processing units (generally 

referred to as neurons or nodes) which receive, process, and send information 

to each over a large number of weighted connections. Thus, ANNs gain 

experiential knowledge through a process of finding an optimal set of weights for 

the connections and threshold values (biases) for the neurons.  In the same 

manner as a human brain works, the knowledge gained by ANNs is stored and 

made available for future use (Elshorbagy et al. 2010).   

ANNs can be classified as single, bilayer and multilayers according to the 

number of layers, and as feed-forward, recurrent and self-organizing according 

to the direction of information flow and processing (ASCE 2000a). The most 

popular ANNs are multilayer feed-forward neural networks, which are mainly 

multilayer perceptron (MLP) and radial basis function networks (RBF). The MLP 

is the most widely-used in hydrological studies, thus this section concentrates on 

the MLP network. Other network topologies that have found application in 

hydrology include RBF (Lin and Chen 2004; Kagoda et al. 2010), Bayesian 

neural network (BNN) (Khan and Coulibaly 2006; Zhang et al. 2009), Kohenen 

self-organizing feature maps (SOFM) (Hsu et al. 2002; Kalteh and Berndtsson 

2007; Kalteh et al. 2008), and Stacked neural network (SNN) (Boucher et al. 

2009; Yonaba et al. 2010).  

A MLP network comprise of an input layer, one or more hidden layers and an 

output layer. Figure 4 presents a three-layer feed-forward neural network with 
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each layer one or more neurons. Each neuron is represented by a circle and 

each connection weight by a line. The structure of an individual neuron is also 

presented. Each individual neuron computes an output, based on the weighted 

sum of all its inputs, according to a nonlinear function called the activation 

function (Kalteh et al. 2008). Thus, in reality, the function of the neuron is to 

receive input from neigbhouring or external sources, and compute an output 

signal which is propagated to other units. 

   

Figure 4: Structure of a feed-forward neural network (FFNN) (Kalteh et al. 2008) 

The activation function used in an ANN is dependent on the type, training 

algorithm and the data scaling technique. The activation function may be logistic 

sigmoid, linear, threshold, Gaussian or hyperbolic tangent sigmoid functions.  

The activation functions that are commonly used in hydrological studies are the 
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sigmoidal-type functions such as the hyperbolic tangent and logistic sigmoidal-

type functions (Maier and Dandy 2000), which can be computed using equations 

(2) and (3) respectively. 
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In equations (2) and (3), x  is the weighted sum of inputs to the neuron, and 

)(xf  is the neuron’s output. 

The connection weights reflect the contribution of each input to the neuron, and 

the threshold value (bias) must be exceeded before the node can be activated. 

The connection weights and biases are parameters that can be determined by 

training the network using a number of training samples. 

In order to develop an ANN, there are series of processes to follow. According to 

Maier and Dandy (2000); Dawson and Wilby (2001) and Abrahart et al. (2012), 

model development majorly entails data gathering, data splitting, data 

handling/preprocessing (i.e. data cleaning and standardization), determination of 

model inputs, selection of ANN (in terms of model architecture, activation 

function and training algorithm), network training and testing. These processes 

are however not strictly sequential or exclusive, but oftentimes mixed. The 

following sections present a discussion on each of the processes. 

2.7.2 Data splitting 

In data-driven modelling, the norm is to split a given set of historical 

observations into training and validation sets. In data splitting, there is a need to 

ensure that the training and validation datasets are representatives of the same 

population, because ANNs are unable to extrapolate beyond the range of the 
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training datasets. It has been established that when validation datasets fall 

outside the range of the training datasets, there is high tendency to produce 

poor predictions (Maier and Dandy 2000). This usually occurs when a limited 

amount of dataset is employed.  

According to Maier and Dandy (2000), measures that have been applied to 

maximize utilization of available datasets include the use of “hold-out method” 

(Masters 1993) which involves withholding a small portion of the data for 

validation and training the network on the remaining datasets. Once the 

generalization ability of the network is obtained using the validation set, a 

different subset of data is withheld and the above process repeated, until the 

generalization ability is ascertained for all of the available data. Another method 

that is being used to maximize available data is the “cross-validation” technique. 

This method involves using an independent test set to evaluate the performance 

of the model at different phases of learning. In cross-validation method, the 

norm is to split the available data into three parts namely: training, testing and 

validation sets. The training set is used to train a number of different ANN 

configurations. The test set is also used to decide when to stop training so as to 

avoid overfitting, and also to determine the model with optimal network 

architecture. The validation set is used to evaluate the selected model against 

unseen data. The method however requires large amount of data and is not 

normally applied when the amount of datasets is limited. A comprehensive 

review of other methods for maximizing available training data has been 

presented by Maier and Dandy (2000). 

2.7.3 Data handling/preprocessing 

Having established the need to split available datasets into subsets, the need for 

efficient handling/pre-processing of the datasets is of high importance, as 

variability exists across the different subsets. Thus, data pre-processing can 

have significant impacts on model performance, as it ensures the reduction of 
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noise in data. Maier and Dandy (2000) advocated that all variables should be 

standardized to ensure that they all receive equal attention during the training 

process. Generally, standardization refers to rescaling of datasets as to fall 

within the limits of the activation function employed in the output layer. Minns 

and Hall (1996) further advised that scaling of data must be done to a range that 

is proportionate with the bounds of activation function in the output layer, 

otherwise input variables measured at different scales will to a certain extent 

control the training process (Dawson and Wilby 2001).  

Another method used in data-preprocessing is normalization, which involves 

rescaling the data to a Gaussian function (often achieved by subtracting the 

mean and dividing by the standard deviation). Maier and Dandy (2000) however 

cautioned against the scaling of data to the extreme ranges of the activation 

function as this reduces the size of the weight updates, thereby resulting to flat 

spots during training. Abrahart et al. (2012) advocated for a systematic inquiry 

into the use of deseasonalized hydrological data, as series of mixed results 

show that such inputs may either produce better or worse results than those 

obtained from the original records with no preprocessing. Other noise-reduction 

techniques that have been used in water resources applications include wavelet 

transforms (WT) (Partal and Cigizoglu 2008; Kişi 2009) and single spectrum 

analysis (SSA) (Sivapragasam et al. 2001; Baratta et al. 2003). 

2.7.4 Determination of model inputs 

One of the initial steps in carrying out any modelling study is to collect data of 

causal variables that may possibly influence the modelled hydrological system. 

These set of data are often large in size, and thus need to be subjected to a 

screening process. This will ensure the selection of only input variables that will 

give the best representation of the system being modelled. Although, DDMs 

possess the ability to determine the important model inputs, presenting a large 

amount of inputs to ANNs and relying on the network to determine the important 
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ones usually increase the amount of data required to effectively compute the 

connection weights (Lachtermacher and Fuller 1994). Furthermore, inclusion of 

irrelevant inputs increases the network size, heightens model complexity, 

reduces model interpretability, slows down the learning process and 

consequently leads to mis-convergence (Bowden et al. 2005a). 

Several methods of input determination have been employed in hydrological 

studies. According to Bowden et al. (2005a), the main input determination 

methods can be broadly categorized into five namely: (i) methods based on a 

priori knowledge of the modelled system; (ii) correlation analysis; (iii) a heuristic 

approach; (iv) knowledge extraction; and (v) composite methods. 

Methods based on a priori knowledge of the modelled system have been widely 

applied in various water-related modelling studies. The use of a priori methods 

in determining the appropriate input variables rely on the level of understanding 

of the modeller on the modelled system (ASCE 2000a). This implies that 

effectiveness of the approach is dependent on the expert’s knowledge, and 

hence, very subjective and case-dependent. 

Correlation-based methods are often used for analytical purposes, most 

especially when the system to be modelled is less understood. They help 

provide insight into the relationships that exists between the system processes. 

Correlation-based methods that have been used for input variable selection 

include linear correlation analysis and nonlinear correlation analysis. Methods 

based on linear correlation analysis include cross correlation (CC) (Sudheer et 

al. 2002; Aqil et al. 2007b), autocorrelation (AC) (De Vos and Rientjes 2005; 

Londhe and Charhate 2010), and partial autocorrelation (PAC) (Sudheer and 

Jain 2004; Jain and Kumar 2007). Nonlinear correlations analysis is sometimes 

employed due to the inability of linear correlation analysis to capture nonlinear 

relationships. Nonlinear correlation methods used in hydrological studies include 

average mutual information (AMI) (Abebe and Price 2003; Bhattacharya and 
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Solomatine 2005), and partial mutual information (PMI) (Bowden et al. 2005b; 

Fernando et al. 2009). 

Heuristic methods involve training several ANN models using different 

combination of inputs until the best model is identified (Baratti et al. 2003; Toth 

2009). Another heuristic approach used in hydrological studies is the stepwise 

selection approach. The stepwise selection approach serves as an alternative to 

the former approach, as it eliminates the need for enumerating all the input 

combinations. It involves training individual networks for each input variable. 

Two stepwise approaches usually utilized include forward selection and 

backward selection stepwise approach. The limitation to the use of the heuristic 

approach is that they are based on trial-and-error, thus there is no guarantee to 

finding the globally best subsets. In addition, the implementation of the stepwise 

approach is also highly computationally expensive (Bowden et al. 2005a). 

The knowledge extraction method as the name implies, entails extracting 

knowledge from the trained ANNs. The most widely-used method of extracting 

knowledge from trained ANNs is the sensitivity method (Dibike and Coulibaly 

2006; Khan and Coulibaly 2006). In the sensitivity method, graphical 

representations of the sensitivities of the inputs are critically examined and the 

significant inputs are selected based on human assessment. However, the 

difficulty with this method is the determination of the plausible value to perturb 

the input by choosing the suitable cut-off point for input significance (Bowden et 

al. 2005a). 

Composite methods refer to the conjunctive use of any of the afore-mentioned 

approaches. Silverman and Dracup (2000) used a combination of a priori 

knowledge and trial-and-error method to determine ANN model inputs for long-

term precipitation forecasts in California, USA. In addition, the conjunctive use of 

a priori knowledge and other methods have been endorsed as a viable approach 

for determining suitable model inputs and their corresponding lags (Solomatine 
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and Dulal 2003; Yu et al. 2006). Other methods used in the determination of 

model inputs but not captured in the above categories include principal 

component analysis (PCA) which is often used when the number of inputs is 

large (Hu et al. 2007; Al-Alawi et al. 2008), and evolutionary optimization 

methods such as GA and multi-objective GA to simultaneously optimize the 

model inputs and network architecture (Abrahart et al. 1999; Giustolisi and 

Simeone 2006). 

2.7.5 Determination of network architecture 

Determination of the network architecture is one of the most important, but also 

one of the most difficult tasks in model building process (Maier and Dandy 

2000). The design of ANN architecture consists of the number of hidden layers, 

number of neurons in the input layer, hidden layer(s) and output layer. The most 

widely adopted ANN architecture for prediction and forecasting of hydrological 

variables is the one hidden-layered FFNN (Dibike et al. 2001), since its networks 

are considered to provide adequate complexity to precisely simulate the 

dynamic and nonlinear behaviour of hydrological processes (De Vos and 

Rientjes 2005). Therefore, the major task in building FFNN architecture is either 

specifying model inputs and the number of hidden layer nodes, or only the 

number of hidden layer nodes, given that the number of model inputs has been 

predetermined.  The optimal network architecture generally strikes a balance 

between generalization ability and network complexity (Maier et al. 2010). 

According to Maier et al. (2010), methods for determining the optimal network 

architecture for ANNs can be categorized into three namely, global, stepwise, or 

ad-hoc methods. The global methods comprise of methods which uses the 

principle of evolutionary search to find the optimal network architecture. 

Examples of such methods include GA, DE, PSO, simulated annealing etcetera 

(Yao and Liu 1997; Giustolisi and Simeone 2006; Subudhi and Jena 2011). 

These methods allows for simultaneous optimization of the network parameters 
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(network weights and biases) and the model structure (number of hidden layer 

nodes).  Maier et al. (2010) further opined that if the global methods are used 

appropriately, they are likely to produce the best model structure and/or 

parameters; however, they are computationally expensive. 

An alternative to the use of global methods is to employ a stepwise trial-and-

error approach, which first gives an assumption of a basic ANN structure, and 

thereafter adjusts each trial with the aim of achieving a structure that is neither 

too complex nor too simple. The stepwise methods can be further subdivided 

into two categories, one based on pruning algorithms, and the other on 

constructive algorithms (Abrahart et al. 1999; Sharma and Chandra 2010). The 

pruning algorithm initializes with a sufficiently complex model structure and 

sequentially removes network parameters and the associated neurons one after 

the other, until model performance deteriorates significantly. Constructive 

algorithms however start-off with the simplest model structure and sequentially 

adds hidden neurons one at a time, until no significant improvement in model 

performance is noticed. The use of pruning and constructive algorithms also 

require high computational resources, as different model structures need to be 

trained and manually examined before obtaining the optimal structure (Maier et 

al. 2010). 

The determination of appropriate model structure and optimal number of hidden 

layer nodes via pure trial-and-error approach, a priori knowledge or other 

approaches outside the two methods earlier discussed can be categorized as 

ad-hoc. Maier et al. (2010)’s review of the afore-mentioned approaches however 

found that the ad-hoc methods was by far the most popular, followed by the 

constructive and stepwise approaches which have also been reasonably 

adopted. Conversely, it was observed that the use of global optimization 

methods have only received little attention. They finally submitted that the use of 
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global optimization methods requires further attention, in order to ensure that the 

best possible ANNs are developed.    

2.7.6 Network training 

The objective of ANN training is to find a set of optimal model parameters 

(connection weights) that enables a model to give the best representation of the 

input-output relationship of a particular system. This usually involves minimizing 

the error measure between the network output and target outputs, so as to 

achieve optimal generalization ability of the model. However, finding the model 

parameters or combination of model parameters that will produce the smallest 

error estimates is not a simple task. The degree of difficulty in searching for the 

optimal set of model parameters is dependent on the “ruggedness” or 

“smoothness” of the error surface (Maier et al. 2010).  

Due to the difficulty associated with ANN training, optimization algorithms are 

usually employed for training ANNs. These training algorithms either belong to 

local or global optimization methods. Local methods are usually gradient based, 

and can either be first-order or second-order methods. The most frequently used 

training algorithm in the local methods is the back-propagation (BP) algorithm 

(Rumelhart et al. 1986), which is based on the first-order gradient of the slope of 

the objective function. Other approaches which belong to the second-order class 

include the Levenberg-Marquardt (LM) algorithm and the conjugate gradient 

(CG) algorithm. The local methods are generally computationally efficient 

algorithms, and have been adopted in a wide range of studies (Kisi 2005; Corzo 

and Solomatine 2007; Coulibaly and Evora 2007; Kisi and Cigizoglu 2007; Toth 

2009; Wang et al. 2009; Elshorbagy et al. 2010; Ghanbarpour et al. 2012; Kisi 

and Shiri 2012). Kisi and Cigizoglu (2007) and Maier et al. (2010) however 

pointed out that the local methods are susceptible to being trapped in local 

optima and may also generate negative values, if the error surface is fairly 

rugged. 
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On the other hand, global optimization methods such as Genetic Algorithm (GA), 

Differential Algorithm (DE), Evolutionary Programming (EP), Particle Swarm 

Optimization (PSO), and the Shuffled-Complex Evolution are becoming more 

popular in hydrology. These global optimization methods have been used to 

optimize a pre-defined set of model parameters (Hsu et al. 2002; Dorado et al. 

2003; Parasuraman and Elshorbagy 2007; Kagoda et al. 2010; Piotrowski and 

Napiorkowski 2011; Dhamge et al. 2012; Mathur 2012), or used in conjunction 

with the local optimization methods which include the BP, LM, CG and DE 

algorithms (Muleta and Nicklow 2004; Chen and Chang 2009; Mihalache and 

Leon 2009; Subudhi and Jena 2009; Kişi 2010). In comparison to the local 

methods, the global optimization methods have increased ability to overcome 

local optima and obtain more steady solutions, but at the expense of 

computational efficiency. 

In the main time, some stochastic-based approaches such as Bayesian methods 

have also been used to obtain distributions of model parameters, rather than 

searching for single parameter values (Mohanty et al. 2010; Rasouli et al. 2012). 

The major benefit of these methods is that prediction intervals can be 

automatically obtained for the model predictions. 

2.7.7 Applications of ANNs in hydrological modelling 

Over the past two decades, the use of ANNs for the prediction and forecasting 

of water resource variables has been firmly established. ANNs have been 

successfully applied in diverse fields of water resources such as rainfall 

estimation, rainfall-runoff modelling, streamflow modelling, groundwater 

modelling, sediment transport modelling, water quality, hydrological time series, 

precipitation forecasting, climate change impact modelling, reservoir operations, 

eco-modelling and uncertainty estimation (ASCE 2000b; Maier and Dandy 2000; 

Dawson and Wilby 2001; Maier et al. 2010; Abrahart et al. 2012). 
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With specific reference to streamflow prediction, numerous researchers have 

adopted the cause-effect form of modelling to predict streamflow. Historical 

observations of causative variables such as rainfall, temperature, soil moisture 

content, evaporation, and runoff have been used to predict streamflow either 

individually or in combinatory form (Thirumalaiah and Deo 2000; Dolling and 

Varas 2002; Baratti et al. 2003; Raghuwanshi et al. 2006; Anctil et al. 2008). 

However, in some studies, only previous values of streamflow were used for 

streamflow prediction, as in univariate time series modelling (Cigizoglu 2005; 

Kisi 2005; Jain and Kumar 2007; Kisi and Cigizoglu 2007; Londhe and Charhate 

2010).  

Meanwhile, some studies focused on performance comparison between ANN 

and traditional statistical methods such as AR and ARMA (Thirumalaiah and 

Deo 2000; Abrahart and See 2002; Kisi 2003; Castellano-Méndez et al. 2004; 

Kisi 2005; Jain and Kumar 2007). Generally, majority of studies have proven 

ANNs to have better predictive performance than the traditional statistical 

methods. In addition, the dominance of ANN over linear regression attributes to 

the nonlinear dynamics of hydrological processes, which are inadequately 

represented by the regression methods.  

Furthermore, some researchers employed modular or hybrid procedures for 

streamflow prediction. Abrahart and See (2000) introduced a hybrid network 

solution based on the clustering of historical observations with a self-organizing 

map (SOM) neural network.  Chang and Chen (2001) developed a hybrid neural 

network by the fusion of a neural network and fuzzy arithmetic, which was 

successful in streamflow prediction. Sivakumar et al. (2002) used ANN in 

combination with the PSR method for river flow prediction. Wang et al. (2006a) 

also developed a hybrid model to forecast daily streamflow in the Yellow River, 

China. Jain and Kumar (2007) employed a combination of ANNs and traditional 

time series techniques for monthly streamflow prediction.  
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Figure 5: Steps in ANN development process. Source: Maier et al. (2010) 



61 
 

Besides, ANNs are also coupled with other DDMs such as FRBS, GP, Bayesian 

methods etcetera (Dorado et al. 2003; Nayak et al. 2004; Khan and Coulibaly 

2006; Aqil et al. 2007a). While the use of modular ANNs ensures higher forecast 

accuracy by splitting the various hydrological processes among individual 

models (Solomatine and Ostfeld 2008), the synergic use of ANNs and other 

DDMs however improves forecast accuracy by making-up for the limitations that 

might be inherent in any of the techniques.  

Finally, ANNs have also been deployed as complementary tools in water-related 

studies such as, for providing error updates in other process-based and other 

data-based models (Toth et al. 2000; Al-Alawi et al. 2008), for infilling of missing 

hydrological records (Coulibaly and Evora 2007), and for estimating prediction 

intervals of model outputs (Shrestha and Solomatine 2006; Shrestha et al. 

2009). 

2.7.8 Areas of concern 

The major areas of concern in the use of ANNs relates to the methodologies 

employed in building the model network (Figure 5). Most of these issues have 

been discussed one way or the other while enumerating the model development 

processes in previous sections, and have also been raised in the reviews of 

Maier and Dandy (2000); ASCE (2000b); Dawson and Wilby (2001); and Maier 

et al. (2010). However, the synopsis of the major areas of concern in the 

application of ANNs as presented by Abrahart et al. (2010) and Abrahart et al. 

(2012) is as follows: (i) the fact that ANNs are “black-box” models raise 

questions on their ability to reveal the physics of underlying processes, as the 

final product and the development process are not fully transparent. Thus, the 

need for knowledge-based networks and rule-extraction techniques aimed at 

opening the box were suggested; (ii) identification of the optimal training set is 

challenging, as there are no fixed rules for the selection or division of datasets 

for model development purposes; (iii) in terms of ANN model structures, the use 
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of simple models may produce diminished performance, conversely, complex 

models may also produce insufficient generalization and its parameters could be 

more difficult to calibrate or interpret. Thus, striking a balance between costs 

and benefits still remains a source of concern; (iv) the extrapolation ability of 

ANNs is also a subject of concern. Although, ANNs are seen as good 

interpolators, however, predictions made beyond the range of the training set 

(i.e. extrapolation) in ANNs tend to generate poor and unreliable predictions. In 

order to give room for extrapolation, methods such as scaling of activation 

functions have been employed, but at the expense of introducing an extra, 

initially arbitrary parameter. 

2.7.9 Performance improvement methods 

Various methods have been suggested for the improvement of the performance 

of ANNs. These performance improvements range from experimentation with 

different ANN algorithms and architecture, to the development of hybrid models 

and dynamic solutions. Abrahart et al. (2004) suggested five general directions 

in which the improvement of ANNs could be pursued in other to make 

meaningful progress in the application of ANNs in hydrology. A brief summary of 

the five directions include: (i) improvement of existing ANN models by the 

investigation of current ANN hydrological problems; (ii) more emphasis on their 

comparison with operational and process-based models; (iii) the development 

and building of more robust and more efficient modelling evaluation standards; 

(iv) further research into the understanding of their internal mechanisms and the 

practical meaning of each component; and (iv) the development of integrated 

and hybrid ANN tools for hydrological studies. 

2.7.10 Advantages and disadvantages 

Various advantages can be derived from the use of ANNs in hydrology. These 

advantages include: (i) capability of modelling complex, nonlinear hydrological 

processes without any assumption of the relationship patterns between input 
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and output variables; (ii) ability to self-adjust to a given set information; (iii) 

requirement of little expertise of the problem under consideration to achieve 

successful applications; (iv) showcase compactness and flexibility in their model 

structure, thus can be easily integrated into other DDMs; and (v) relatively low 

demand for computation resources when compared to the some other modelling 

techniques. 

However, a major limitation to the use of ANNs is in their inability to produce 

transparent models, in that their internal operations are somewhat obscure and 

not interpretable. Another major drawback is that the optimal network 

configuration for each modelling circumstance can differ, as the problem of “no 

theoretical support” persists throughout almost all areas of design; even the 

most basic matters must be determined through experimentation (Abrahart et al. 

2004). Furthermore, there are no standard or fixed rules for governing 

appropriate model design and development, thus making it impossible to 

establish a suitable model a priori (Abrahart et al. 2012). The inability to 

incorporate knowledge acquired from existing physical laws into ANNs also 

serves as a drawback to its use. Finally and most importantly, ANNs are highly 

susceptible to over-parameterization and over-fitting problems, especially when 

not properly put to use. 

2.8 GENETIC PROGRAMMING (GP) 

2.8.1 Introduction 

Genetic programming (GP), developed by Koza (1992) belongs to the class of 

evolutionary algorithms (EA), which is based on the “principle of survival of the 

fittest”, adopted from the process of natural evolution and genetics. GP is 

however a relatively new addition to the group of other EA techniques such as 

evolutionary programming (EP), genetic algorithms (GA) and evolution 

strategies (ES) (Babovic and Keijzer 2000). GP however differs from GA in that 
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its solution is a computer program or an equation as against a set of binary 

strings in the GA (Londhe and Charhate 2010). GP is a data-driven modelling 

technique which performs its operation via a population-based search, in which 

computer programs or equations that are perceived to be candidate solutions to 

a given problem are randomly generated and bred using specific genetic 

operators. GP differs from other DDMs such as ANNs, FRBS and MTs in that it 

provides mathematically meaningful structures (with optimum parameters) while 

relating input-output variables of the system (Babovic and Rao 2010). GP has 

found application mostly in the area of symbolic regression, where the aim is to 

find a functional relationship between input and output variables. These 

functional relationships may either be linear, quadratic or higher order 

polynomial. GP however defines the relationships by optimizing the model 

structure and the numerical coefficients of the model simultaneously. The GP 

algorithm is characterized by two major components, which are the terminal and 

function sets. These two sets contain the major building blocks used to construct 

the population members of the GP search space. 

2.8.2 Representation of GP 

GP programs are usually expressed as syntax trees, consisting of terminal and 

function sets. The terminal set, generally referred to as “Terminals”, consists of 

the independent variables and constants (known as the “tree leaves”) which are 

inputs to the problem (Poli et al. 2008). For instance, the terminal set may simply 

consists of causative variables ),...,,,( 321 nxxxx of a particular hydrological 

process. Following that the GP algorithm is being used as a regression 

technique, the numerical constants (coefficients) that match the chosen model 

structure to the target output are thereafter determined. Thus, the input variables 

and numerical constants constitute the terminal set. This is achieved with the 

aim of searching for a formula that uses the input variables to produce the target 

output (Babovic and Keijzer 2000). The function set consists of a number of 
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domain-specific functions that are combined with the terminal set to enable the 

algorithm generate candidate solutions to the problem. The function set may 

consist of basic arithmetic operators ),,,,( sqrt , mathematical functions (sin, 

cos, tan, log, ln, ex), Boolean operators (AND, OR, NOT), logical expressions 

(IF-THEN-ELSE), iterative functions (DO-UNTIL), and any other user-defined 

function. The program can however be represented linearly or in an explicit tree 

representation. Figure 6 demonstrates a syntax tree notation of a mathematical 

model, 132 )sin(' xxxy   which is a combination of function and terminal 

points usually referred to as nodes (where y’ is the predicted output).  

 

Figure 6: Tree-representation of the mathematical expression  

The set of permissible functions and terminals together constitute the primitive 

set and a major part of the search space of the GP system. Babovic and Keijzer 

(2000) noted that the primitive set of a GP program must exhibit two properties 

namely, a “closure” property and a “sufficiency” property. A closure property is a 

property of a function set which enables it to swap any sub-tree to another 

location in the tree. The closure property also ensures that all functions can 
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accept all possible inputs from the terminals, so as to return a well-defined 

value. For example, the use of a division function was presented with “illegal 

inputs” such as a zero value will return an undefined value, which may distort 

the operation of the algorithm (Koza 1992). Thus, protection is usually given to 

such functions by allowing them to return a specific value when confronted with 

such illegal inputs. Following the above example, the division function may be 

set to return a value of 1 when confronted with a zero value. i.e. division (x) = 1. 

The sufficiency property however ensures that elements of the primitive set are 

able to express a solution to the given problem. Poli et al. (2008) stated that 

“when a primitive set is insufficient, GP can only develop programs that 

approximate the desired one”. It was however added that such an 

approximation, in many cases, can be very close and good for the user’s 

purpose. 

Having established the process of constructing the primitive set of the GP 

program, it is important to determine how good the elements of the population 

space are. Thus, a “fitness function” (also referred to as “objective function”) is 

assigned to each population member in order to measure the performance of 

each individual program. The objective function measures the accuracy of each 

computer program by computing the difference between the actual and the 

predicted values. The error measures may be in form of root mean-square error 

(RMSE), mean square error (MSE), etcetera (Babovic and Keijzer 2000). This 

function can either be minimized or maximized depending on the objective of the 

modelling problem. Furthermore, a number of “hits” can also be employed to 

evaluate performance of each program. The number of hits is a function of the 

number of data points correctly predicted within some frequency interval of 

tolerance. A major limitation to this approach is that each data point is classified 

as a “hit” or a “miss”, thus, making it possible for one model to be inaccurate 

than another but still share the same objective function. 
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2.8.3 Initialization of GP 

The first step in implementing GP is to randomly create an initial population for a 

given population size. The initial population is often randomly created to provide 

for a satisfactory initial coverage of the search space. In addition, it is a cheap 

computational process that requires no a priori knowledge from the modeller. 

Different methods are employed to randomly generate the initial population of 

the search space.  

These methods include the full method, the grow method and the ramped half-

and-half method. In the full method, the tree nodes are generated only from the 

function set until a pre-assigned maximum tree depth is reached, where only 

terminals can be chosen. The method is referred to as full method, because it 

generates full trees, with all the leaves at the same depth. Unlike the full 

method, the grow method gives room for creation of trees with variable sizes or 

shapes. The grow method also allows for selection of nodes from the whole 

primitive set, until the pre-defined depth limit is reached, where only terminals 

can be selected.  

The ramped half-and-half method however is a combination of the full and grow 

method, which allows for the creation of trees with various sizes and shapes, but 

also with equal number of trees for the specified depth. The ramped half-and-

half method was by preferred Koza (1992) due to its easy implementation and 

usage, as well as its good coverage of the search space. Poli et al. (2008) 

however noted that whenever the ramped half-and-half method is employed, 

high difficulty is often experienced in controlling the statistical distribution of the 

important properties such as size and shape of the generated syntax trees. 

Once the initial population is randomly created, the next step is to create the 

next generation of population, which involves selecting better program solutions. 
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2.8.4 Selection 

From the principles of genetics, better individuals are more likely to produce 

more offspring than inferior individuals. Thus, GP employs a selection process 

(an optimization force in EA), to focus on worthwhile regions of the search space 

by mapping the objective function values to the number of offspring produced 

(Babovic and Keijzer 2000). Selection involves the use of genetic operators to 

probabilistically pick individuals based on their performance, as evaluated using 

the objective function. The better the fitness of an individual, the greater the 

chance of that individual being carried over into the next generation.  Although, 

different selection methods are being used within the EA domain such as 

truncation selection and fitness proportionate selection; the most popular 

selection method employed in GP is the “tournament” selection method. 

Tournament selection involves choosing two individual programs randomly from 

the population, and comparing them to one another. The “fitter” program wins 

the tournament. A major characteristic of the tournament method is that it only 

looks at which program is better than another, and not how much better (Poli et 

al. 2008). This is done in order to ensure that extra-ordinary programs do not 

outshine others throughout the selection process, and thereafter populate the 

entire search space with its offspring. Hence, it gives programs with average 

quality the opportunity to produce offspring. The advantages of the tournament 

selection over other methods are: (i) it is easier to implement, and (ii) it provides 

automatic fitness rescaling, and hence, its wide acceptance in GP. 

2.8.5 Population structures in GP 

In GP, different structural configurations are used to populate the search space 

with candidate solutions. According to Babovic and Keijzer (2000), the 

population structures can be classified as: (i) Steady-state population; (ii) 

Generational population (iii) Panmictic and distributed populations. 
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In the steady-state population structure, the population size remains unchanged 

during the GP run. However, in a generational population structure, an 

intermediate mating pool is created for the selected programs to occupy so as to 

form the next generation of offspring. The generation population structure may 

or may not ensure the reproduction of some programs into the next generation. 

When a population structure ensures that some programs in the mating pool are 

reproduced to the next generation, such a structure is referred to as an “Elitist” 

population model (Babovic and Keijzer 2000). Elitism ensures that the best 

program individuals survive the selection process in order to preserve the best-

so-far individual programs in the new generation. 

A panmictic population structure entails an extremely mixed population which 

considers the fitness of the entire population. Therefore, selection process is 

performed on a global scale. A distributed population structure involves the 

spatial distribution of the population of candidate solutions into multiple semi-

independent subpopulations called “demes” (Poli et al. 2008). This gives room 

for the execution of selection process on a local scale. The distributed structure 

also allows for occasional migration of individuals majorly between adjacent 

demes for exchange of genetic material as illustrated in Figure 7.  

 

Figure 7: Distribution of the population space into demes, allowing for exchange 

of genetic material. 
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This genetically inspired mechanism is usually referred to as “Island model” 

(Babovic and Keijzer 2000; Brameier and Banzhaf 2001). A major advantage of 

the distributed population over other methods is that the distribution of the 

population space into demes facilitates the occurrence of parallel evolution. The 

parallel evolution consequently makes the GP algorithm less susceptible to 

convergence to local optima (Babovic and Keijzer 2000), as a local optima in 

one deme might be overcome by other demes with better search direction. 

Furthermore, the distributed population structure ensures that the evolution 

progresses faster than in a single population structure (Brameier and Banzhaf 

2001). 

2.8.6 Genetic operators 

In GP, two genetic operators namely, crossover and mutation are often used to 
transform selected best programs into a new generation of programs. These 

genetic operators operates by applying slight modifications to the structure of 

selected programs in order to achieve better or fitter programs (Figure 8). The 

purpose of the crossover operator is to generate new programs which did not 

exist in the old population, to allow for thorough sampling of the search space. 

Crossover is performed by selecting two parent programs from the mating pool 

and swapping some corresponding sections across a randomly chosen point to 

produce two different offspring programs of different characteristics. The number 

of programs experiencing crossover is dependent on a predefined probability of 

crossover, Pc.  

The mutation operation however involves random modification of a structural 

member of a selected parent program to create a new offspring program. The 

modification is also performed based on a probability of mutation, Pm. The 

evolution process is performed over successive generations until a preset 

termination criterion is met, and the program generated upon termination of the 
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run is finally selected as the best program that gives the most accurate 

description of the modelled system. 

 

Figure 8: Crossover and mutation being performed on parent programs 

Generally, GP evolve models in two different forms. These models can either be 

evolved in form of computer  programs or in form of equations (Deo 2009). 

Program-based models consists of codes that may be written in different 

programming languages such as Assembly, Java, C or C++, which enables the 

source files to be called and new data sent to them. On the other hand, in 

equation-based approach, the input-output relationships are defined by evolving 

models in form of mathematical formulae. Some good examples of program-

based and equation-based GP implementation kits include Discipulus™ 

(Francone 1998), and GPKernel respectively. 

2.8.7 Application of GP in hydrological modelling 

Regardless of its status of being a relatively young and growing branch of EA, 

GP has been successfully applied to solve a wide range of water-related 

problems. Thus, literature on its applications is vast and multifaceted. In the light 

of this, some representative examples of the major applications of GP in water-

related fields is presented in Table 1. 
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Table 1: Application of GP in various fields of hydrological modelling 

S/N Authors & Year Application 
Area 

Input 
Variables Location Forecast 

Interval Comparisons Remarks on GP 

1. Khu et al. (2001) 
Real-time 
runoff 
forecasting 

Rainfall 
Orgeval 
Catchment, 
France 

+1 AR, Kalman 
Filter 

GP was found to be a better updating 
tool when compared to AR and Kalman 
filter method 

2. 
Sheta and 
Mahmoud 
(2001) 

River flow 
forecasting Previous flow Nile River, 

Sudan +1 AR GP produced simpler models with less 
error estimates 

3. Babovic and 
Keijzer (2002) 

Hourly Rainfall-
runoff modeling 

Rainfall & 
Runoff 

Orgeval 
Catchment, 
France 

+1 
NAM 
Conceptual 
model 

Better forecasting accuracy produced 
by GP. Integration of both models 
suggested 

4. Whigham and 
Crapper (2001) 

Rainfall-runoff 
modelling Rainfall 

Teifi & Namoi 
Basin (Wales 
& Australia) 

Function 
Approx. 

IHACRES 
(Deterministic 
model) 

GP produced an impressive 
performance just as IHACRES, but 
without requiring any causal 
relationship 

5. Liong et al. 
(2002) 

Rainfall-runoff 
modelling 

Runoff & 
Rainfall 
intensity 

UBT 
Catchment, 
Singapore 

+15, +30, 
+45 
(minutes) 

Naïve Rainfall-
runoff model 

GP induced R-R relationship was seen 
as viable alternaive to the naïve model  

6. Dorado et al. 
(2003) 

Rainfall-runoff 
prediction  Rainfall 

Old Victoria 
Catchment, 
Spain 

N/A 
Traditional 
SCS Unit 
Hydrograph, 
NARMAX 

Combination of GP & ANN performed 
better than the ARMAX & traditional 
models 

7. Jayawardena et 
al. (2005) 

Rainfall-runoff 
modelling 

Rainfall & 
Runoff 

Hok Tau 
Basin, Hong 
Kong; Shanqio 
& Shunhan 
Basin, China 

+1 N/A 
GP performance was not very 
satisfactory, as it was unable to capture 
high peak discharge magnitudes. 

8. Muttil and Lee 
(2005) 

Daily prediction 
of algal blooms 

Chlorophyll, 
dissolved 
oxygen, 
water temp, 
sola radiation 
& wind speed 

Kat O Station  
& Tolo 
Harbour, Hong 
Kong 

+1 ANN, ARMA 

GP results was in agreement with that 
of ANN, but was able to identify key 
input variables. The GP performance 
was also better than that of the ARMA 
models 

9. Bautu and Bautu 
(2006) 

Weather 
prediction 

Temperature, 
Precipitation 
& Pressure 

Rennes, 
France & 
Froson 
Sweden 

+2 AR, ANN 
GP exhibited its self-adaptive nature 
when unsupervised; producing better 
input-output relationships than other 
models 
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10. Makkeasorn et 
al. (2008) 

Daily 
Streamflow 
forecasting 

NEXRAD 
rainfall, SST 
& Met. data 

Choke Canyon 
Watershed 

+30, +7, 
+3 days ANN GP-derived models performed better 

than the ANN models 

11. 
Elshorbagy and 
El-Baroudy 
(2009) 

Prediction of 
Soil moisture 
content 

Net radiation, 
Precipitation, 
Air temp. & 
Soil temp. 

Mildred Lake 
Mine Site, 
Canada 

N/A 
Evolutionary 
Polynomial 
Regression 
(EPR) 

A program-based GP tool 
(Discipulus™) performed comparably 
with EPR, but better than an equation-
based GP tool (GPLAB). Tool 
uncertainty was identified. 

12. Maity and 
Kashid (2009) 

Streamflow 
prediction 

Streamflow, 
ENSO & 
EQUINOO 
indices 

Narmada 
River Basin +1 N/A 

Satisfactory performance was recorded 
by GP-derived models, as they were 
able to provide significant impacts of 
various input combinations 

13. Wang et al. 
(2009) 

Forecasting of 
monthly 
discharge time 
series 

Previous 
flows 

Lancangjiang 
River, Asia N/A ARMA, ANN, 

ANFIS, SVM 

Best performance was obtained by GP, 
ANFIS & SVM models with GP 
producing better results in the validation 
phase 

14. Londhe and 
Charhate (2010) 

Daily 
streamflow 
forecasting 

Previous 
streamflows 

Narmada 
Basin, India +1 ANN, MTs 

GP performed marginally better than 
ANN & MTs, especially in normal & 
extreme events 

15. Ni et al. (2010) 
Annual 
streamflow 
prediction 

Precipitation 
& ET 

West Malian 
River 

Function 
Approx. 

MLP, Grey 
system theory, 
MLR 

GP  performed better than other models 
under limited availability of datasets 

16. Selle and Muttil 
(2011) 

Testing 
structure of 
hydro. Models 

N/A Southeastern 
Australia N/A Conceptual 

model 
GP predictions supported the dominant 
processes contributing to deep 
percolation in conceptual models 

17. Guven (2009) Modelling of 
daily flow rate 

Previous 
flows 

Schuylkill 
River, USA +1 ANN (MLP, 

GRNN), AR 
GP results were fairly better than the 
ANN & AR models 

18. Guven and Kişi 
(2011) 

Daily susp. 
sediment  
modelling 

Streamflow & 
Suspended 
Sediment 

Two stations in 
the Tongue 
River, USA 

+1 GEP, ANN 
LGP performed better than ANN & GEP 
models, producing simple & explicit 
models 

19. Sivapragasam 
et al. (2011) 

Long term 
inflow 
forecasting 

Rainfall & 
Inflows 

Tamarabarami 
Basin, India Multiple N/A 

GP-derived models generated 
improved inflow forecasts, especially 
when rainfall values from neighbouring 
stations were included as inputs 

20. 
Zahiri and 
Azamathulla 
(2012) 

Flow discharge 
Prediction 

Depth ratio, 
coherence 
parameter & 
discharge 
rate 

Mulitple 
number of 
Rivers 

N/A 

M5 model 
trees, Vertical 
divided 
channel 
method 

Better accuracy produced by GP 
compared to other methods 
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2.8.8 Areas of concern 

Researchers have pointed out some important issues pertaining to the 

application of GP in water-related studies. Some criticisms have trailed the 

generation of mathematical formulations by GP, as its combination of multiple 

elementary functions often result in extremely complex models which may be 

too difficult to interpret (Keijzer and Babovic 1999; Solomatine et al. 2008).  

Keijzer and Babovic (1999) argued that the complexity of these formulae may 

result in GP producing models with accurate syntax but meaningless semantics. 

A case was thereafter made for the introduction of dimension into the GP 

paradigm.  

Another major challenge faced by modellers in the use of GP is the selection of 

appropriate parameter settings to control the algorithm run. The convergence of 

the GP algorithm to global optimum is dependent on the parameters that govern 

the evolution process (Babovic and Rao 2010). However, precaution needs to 

be taken while setting these parameters, as optimum settings vary from 

application to application. Thus, for a given problem, multiple runs using different 

parameter settings are often carried out and the solutions compared. This task is 

often considered as highly laborious, and also demands for higher 

computational resources.  

The ability of GP to find the optimal solution at higher forecast horizons have 

also generated some concern to GP users, as forecast accuracy tends to 

deteriorate with increase in forecast horizon. Jayawardena et al. (2005) in their 

study, observed the inability of GP to capture complex rainfall-runoff 

transformation when applied to a steep-sloped catchment, characterized by high 

peak discharge magnitudes with steep rising and recession limbs. However, 

they acknowledged the satisfactory performance of GP when applied to two 

other catchments at smaller time intervals. Furthermore, Babovic and Keijzer 

(2000) earlier noted that the ability of GP to find the optimal solution depend on 
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the magnitude of the numerical values and its dimensions. Thus, difference in 

the magnitude and dimensions of input variables often makes it difficult for GP to 

scale the variables to workable values. 

2.8.9 Performance improvement methods 

A major improvement to the GP approach was suggested by Babovic and 

Keijzer (2000). They proposed a “dimensionally aware GP”, which requires the 

scaling of inputs and outputs to cast in dimensionless and proportionate terms. 

A dimension-based brood selection method was also introduced, which involves 

the use of a “culling function” to measure the goodness-of-dimension of 

candidate solutions. This ensures the selection of best solutions in terms of 

goodness-of-dimension, and thus results in the development of solutions with 

improved goodness-of-fit and less complexity.  

Deschaine and Francone (2002) also introduced an improved version of a 

program-based GP toolkit which ranks and combines the best individual 

program solutions called “program models” into teams of solutions referred to as 

“team models”. This combination ensures better predictive accuracy in the team 

models than any of the individual program models. Thus, the ability of the GP 

model to generalize and converge towards global optimum is improved. 

2.8.10 Advantages and disadvantages 

GP has been found to exhibit several advantages over other DDMs. Its major 

advantage is in its ability to generate programs that can efficiently simulate 

complex processes using symbolic expressions (Elshorbagy and El-Baroudy 

2009). Another advantage of GP over other robust methods such as ANN is that 

it generates a transparent and structured representation of the system being 

modelled, without requiring a priori identification of the model structure 

(Giustolisi and Savic 2006). This is unlike the ANN approach where the structure 

of the network and training algorithm have to be defined in advance, and only 
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the optimization of the network parameters (weights and biases) are performed. 

However, in GP both the model structure and its parameters are being 

optimized, as they are both part of the search process (Babovic and Keijzer 

2002). This gives GP the ability to automatically identify the input variables that 

contribute beneficially to the model and disregard those that do not 

(Jayawardena et al. 2005), thus reducing the dimensionality of the model. 

Besides, GP evolves models capable of giving physical insight into the input-

output interactions inherent in the modelled system, in contrast to the ANNs 

where difficulty still exists in extracting knowledge from the network parameters 

(Sudheer 2005).  

On the other hand, GP has its own limitations. Principally, GP is not very 

powerful in finding constants, and more importantly, it tends to produce more 

complex functions as the forecast horizon increases (Giustolisi and Savic 2006). 

2.9 PERFORMANCE EVALUATION MEASURES 

In order to determine the potential of a developed model, its performance is 

usually appraised against one or more criteria. There are several measures that 

are being used to evaluate model performance. Each of the performance 

evaluation measures provides different information about the predictive ability of 

the model. The most popular measures are squared error measures which are 

based on the squares of the differences between observed and predicted output 

values. Examples of such measures are sum of squared errors (SSE), root 

mean-squared error (RMSE) and the Nash Sutcliffe efficiency (E). An attribute of 

squared error measures is that they tend to be dominated by high extreme 

values (Maier et al. 2010). As an alternative, absolute errors can be employed. 

These are measures based on absolute differences between observed and 

predicted output values. Such methods include mean absolute percentage error 

(MAPE) and total sum of absolute deviations (TSAD). Although, absolute errors 
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provide some insight into the degree of the errors, they do not provide insight on 

the performance of the model with respect to overall under- or over-prediction.  

Another model evaluation measure often used is the Pearson coefficient of 

correlation (r) and the coefficient of determination (R2). These two methods 

describe the degree of collinearity between observed values and predicted 

values. While correlation coefficient is an index of the level of linear relationship 

between observed and predicted values, R2 however defines the proportion of 

variance in observed values as explained by the model (Moriasi et al. 2007). 

Though r and R2 have been widely applied for model evaluation, these 

measures are over-sensitive to high extreme values, and insensitive to additive 

and proportional difference between observed and predicted output values 

(Legates and McCabe 1999). 

Besides the aforementioned measures, some other performance evaluation 

measures can be obtained from literature. Such measures include normalized 

mean squared error (NMSE), threshold statistics (TS), measures based on 

relative error, non-parametric Wilcoxon rank-sum test, Akaike information 

criterion (AIC), Bayesian information criterion and a rescaled version of mean 

absolute percentage error (MAPE-R) (Thompson et al. 2001; Coulibaly et al. 

2005; Jain and Kumar 2007; Maier et al. 2010; Swanson et al. 2011). 

2.10 CONCLUSIONS 

Following this extensive review of the application of popular DDMs in the 

hydrological domain, one cannot boldly say one modelling technique is superior 

to the other, as all DDMs have their strengths and drawbacks. With a wide-

range of modelling options to choose from, the challenge remains as to which 

particular technique will generate the best results for a given task, as one cannot 

continue to subject each DDM to test one after the other. Thus, it is of crucial 

importance for modellers and other decision-makers to subject DDMs to test 
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comparatively, in order to determine the approach that best suites the given 

problem. Furthermore, another promising approach that has been producing 

improved results is the development of modular and hybrid models, which allows 

for complementary modelling. The evolutionary computation (EC) and global 

optimization techniques have showcased great potential in this respect, as they 

can be easily be integrated into other DDMs; same as the ANN and fuzzy rule-

based techniques. 

Thus, for the purpose of this research, the potential of two evolutionary-inspired 

techniques (GP and a DE-trained ANN) is investigated comparatively. Although 

the performance of evolutionary-inspired techniques have been well attested to 

when employed individually in water resources applications, however 

comparative studies of this nature are conspicuous by their near absence. This 

serves as an inciting cause of employing two evolutionary-inspired techniques; 

to determine the better model in terms of predictive performance under limited 

availability of datasets. 
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CHAPTER 3 

GENETIC PROGRAMMING FOR STREAMFLOW PREDICTION 

3.1 INTRODUCTION 

Streamflow prediction remains crucial to decision-making especially when it 

concerns planning and management of water resources in water scarce regions 

such as South Africa. This is due to its role as a key component of the water 

cycle, serving as the primary source of water supply for numerous sectors which 

benefit from its availability. However, streamflow prediction comes with various 

complexities arising from nonlinear and dynamic nature of climatological and 

hydrological factors. Thus, effective streamflow prediction cannot be carried out 

without an appraisal of the fundamental factors that influence streamflow. 

Owing to the importance of streamflow prediction, several hydrological models 

have been developed to provide a representation and interpretation of the 

complex and non-linear hydro-climatological processes. These models can be 

categorized into physically-based (process) models and data-driven models 

(DDMs). All these models require significant amount of data for their respective 

calibration and validation (Babovic and Keijzer 2002). The process-based 

models are deliberately configured to portray the behavioural characteristics of 

the catchment; thus, they are very effective in exploring the impacts of climatic 

variables on hydrological processes. However, difficulties in model 

parameterization, complexities in model formulation and huge training data 

requirements serve as major drawbacks to the use of these models, especially 

in areas where large hydrological datasets are often unavailable (Beven 2002; 

Ni et al. 2010). The application of process-based models is discussed in chapter 

1. 
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Data-driven models (DDMs) on the other hand describe the behaviour of the 

hydro-climatological processes by taking into account only limited assumptions 

about the underlying physics of the system being modeled.  They can be very 

effective for the specific circumstance for which they were developed. DDMs 

have been widely applied in numerous hydrological studies, and significant 

number of successes has been recorded. The popular methods include K-

nearest neighbours (K-NN), artificial neural networks (ANNs), model trees 

(MTs), support vector machines (SVMs), chaos-based theory, fuzzy rule-based 

systems (FRBS) and genetic programming (GP). These data-driven modelling 

techniques are now being considered as an approach that will complement or 

replace the process-based models (Londhe and Charhate 2010). Chapter 2 

provides a detailed discussion on the application of popular DDMs used in 

hydrological modelling studies. 

Due to the advantages of the GP approach as highlighted in Section 2.8.9 of this 

thesis, GP was adopted for use in this study. The main objective of this chapter 

was to investigate the potential of the GP approach in predicting streamflow 

response to local hydro-climatic variables in the upper Mkomazi River, South 

Africa.  Twelve GP models were developed using the few available datasets; 

one for each month of the year. The performance of the GP evolved models 

were evaluated using standard model evaluation measures.  

3.2 METHODOLOGY 

3.2.1 Linear genetic programming (LGP) 

A detailed description of the working principles of GP is fully discussed in 

Section 2.8 of this thesis. It has been established in Section 2.8.2 that GP can 

be represented in different forms, which are majorly tree-based and linear-based 

programs. The representation used in this chapter is the linear genetic 

programming (LGP), and its basic concepts are briefly introduced. 
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LGP is an extension of the traditional tree-based GP. LGP evolves sequences of 

instructions from an imperative programming language such as C/C++, or from a 

machine language (Guven and Kişi 2011). The word “linear” refers to the 

structure of the (imperative) program representation, and does not represent 

functional genetic programs which are constrained to a linear list of nodes only 

(Brameier and Banzhaf 2007). The prominent attributes of LGP are the graph 

based flow that results from a multiple usage of indexed variable (register) 

contents, and evolving programs in a low-level language. This concept was 

subsequently expanded and resulted to the automatic induction of machine code 

by genetic programming (AIMGP) system (Brameier and Banzhaf 2001). In 

AIMGP, solutions are directly manipulated as binary machines codes, and 

executed without using an interpreter.  This gives tremendous acceleration to 

the process of evolving program solutions (Bhattacharya et al. 2001).  

Each individual program in LGP is represented by a variable-length sequence of 

instructions, which are generally clubbed together to form “instruction blocks”. 

The instruction blocks hold one or more native machine code instructions, 

depending on the size of the instructions. In LGP, the instruction set (i.e. the 

function set) can be composed of arithmetic operations, conditional branches 

and function calls. Each function implicitly includes an assignment to a variable, 

which facilitates the use of multiple program outputs in LGP, whereas in tree-

based GP those side effects need to be incorporated explicitly (Brameier and 

Banzhaf 2001).  

LGP utilizes a two-point string crossover, in which a section of the random 

position and random length is selected in both parent programs and swapped 

between them. If one of the resultant offspring programs exceeds a predefined 

maximum length, crossover is terminated and re-initialized by swapping uniform 

sections. Mutation operation is performed in LGP by modifying an operand or 

operator on the instruction set into another symbol over the same set. LGP also 
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employs a special type of mutation (termed macro mutation) which deletes or 

inserts an entire instruction (Guven and Kişi 2011). Further details on LGP can 

be found in the literature (Brameier and Banzhaf 2001, 2007). 

In this study, LGP was implemented using an LGP toolkit called Discipulus™. A 

brief introduction of the Discipulus™ toolkit is presented in the next section. 

3.2.2 Discipulus™ 

Discipulus™ is a program-based LGP toolkit developed by Francone (1998). 

Discipulus™ evolves models in the form of computer programs written in 

machine language. The machine language programs however can be 

decompiled into other programming languages such as Assembly, Delphi, C, 

C++ and Java. This enables the source files to be called and new data sent to 

them. Discipulus™ evolves two categories of computer programs namely, a 

“program model” and a “team model”.  

A program model is a single program solution that defines the input-output 

relationship of a given system. A team model is a combination of single program 

models that are combined to produce better convergence than any of the single 

program models. A comprehensive description of the features of Discipulus™ 

can be found in Francone (2011). The latest version of the toolkit (Discipulus™ 

5.2) was used for implementing LGP in this study. 

3.3 STUDY AREA AND DATASETS 

The upper Mkomazi River is located within the semi-arid province of KwaZulu-

Natal in South Africa, and is the third largest in the province. The river has 

several large tributaries which include Loteni, Nzinga, Mkomanzana and Elands 

Rivers. The description of the river and its characteristics that make it suitable 

for this work is given in Section 1.6 of this thesis.  
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Datasets relating to the study area were provided by the Department of Water 

Affairs (DWA) and the South African Weather Service (SAWS). Historical 

monthly records of mean streamflow were obtained from DWA. Streamflow data 

for a 19-year period (1994 – 2012) from gauging station U1H005 (Mkomazi 

River @ Lot 93 1821) with geographical coordinates between 29°44ʹ37.3ʹʹ South 

longitudes and 29°54ʹ17.8ʹʹ East latitudes were applied in this study. However, 

datasets from two other gauging stations (U1H009 and U1T008) located within 

the upper catchment of the river were relatively short and not used. The SAWS 

provided the corresponding climatic data (rainfall and temperature) from three 

independent weather stations namely Pietermaritzburg, Shaleburn and Giant 

Castle stations, located within the study area. 

Figures 9 and 10 show plots of the monthly averages of temperature, rainfall 

and streamflow for the period under study. It can be observed from the plots that 

rainfall and temperature datasets for the three weather stations exhibit the same 

distribution patterns, despite the fact that they are of different values. It can also 

be observed that the streamflow pattern follows after the rainfall and 

temperature distributions.  

An increase in streamflow occurs between the months of October and February, 

after which it follows a downward trend until it reaches its minimum between the 

months of June and July. The same was observed for rainfall and temperature. 

It can be inferred that rainfall and temperature both contribute to the magnitude 

of streamflow in the river. Furthermore, Figures 11 and 12 show plots of annual 

streamflow against average annual temperature and annual rainfall respectively. 

However, a decline in annual streamflow from year 2000 and series of 

fluctuations thereafter are evident from the plots. 
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Figure 9: Plot of average monthly temperature at the three weather stations and 

average monthly streamflow measured at gauging station U1H005. 

 

 

Figure 10: Plot of monthly rainfall at the three weather stations and average 

monthly streamflow measured at gauging station U1H005. 
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Figure 11: Plot of average annual temperature at the three weather stations vs. 

total streamflow at station U1H005 during the study period (1994 – 2012). 

 

Figure 12: Plot of annual rainfall at the three weather stations vs. total 

streamflow at station U1H005 during the study period (1994 – 2012). 
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3.4 MODEL DEVELOPMENT 

3.4.1 Selection of input variables 

There are several processes that influence streamflow generation in river 

hydrology. These processes include precipitation, temperature, evaporation, soil 

moisture, vegetation cover, land use, etcetera (Loucks and van Beek 2005; 

Raghunath 2007). However, historical records of all these factors are often 

unavailable and limited to certain areas such as the site used in this study. Thus, 

the choice of input parameters was dependent on the few available datasets. 

The datasets made available by DWA and SAWS include streamflow, rainfall 

and temperature which cover a 19-year period (1994 - 2012).  

As a result, the available datasets were used for the construction of the input 

vector space of the GP algorithm. The streamflow values during the same month 

of previous years were used alongside rainfall and temperature values from 

three independent and neigbhouring weather stations within the upper Mkomazi 

River Catchment. In a recent study, Sivapragasam et al. (2011) established that 

the use of climatic information from surrounding areas, when combining 

antecedent flows and climatological data in flow forecasting result in drastic 

improvement in forecast accuracy. This justifies the reason for the inclusion of 

rainfall and temperature data from three neigbhouring stations within the river 

catchment. 

In order to effectively construct the input vector space of the GP algorithm, it is 

highly important to ensure the selection of only the input variables that will give 

the best representation of the system being modelled. Furthermore, as pointed 

out in Section 2.7.4 of this thesis, the inclusion of irrelevant inputs may lead to 

an increase in model complexity, reduction in model interpretability, higher 

computational demands, and consequently mis-convergence (Bowden et al. 

2005a). Thus, the determination of the appropriate input variables entails finding 
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the lags of input variables that have a significant influence on the predicted 

output (streamflow). In this chapter, the dependency between input variables 

and the associated lag effect were determined using correlation analysis. 

Correlation analysis has been successfully applied for input variable 

determination in river hydrology by many researchers (Sudheer et al. 2002; Aqil 

et al. 2007b). 

Table 2 presents the results of the correlation analysis used in selecting input 

variables into the GP input space. The results showed high correlation between 

the values of streamflow for the past three years and that of any given year. The 

results also indicated that streamflow for the given year highly corresponds to 

the rainfall and temperature values of the preceding year across the three 

independent weather stations. However, outcome of the analysis on higher 

number of lags other than the reported ones produced lower correlation values, 

and were therefore discarded. 

Table 2: Results of correlation analysis showing the relationship between 

historical values of input parameters and target output 

Input Parameters Target Output  1tQ  

tQ  0.9983 

1tQ  0.9957 

2tQ  0.9966 

tR1  0.7256 

tR2  0.9203 

tR3  0.8856 

tT1  0.8605 

tT 2  0.8046 

tT 3  0.8072 
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The input vector spaces of the GP models were populated with a total of nine (9) 

input variables. These inputs comprise of streamflow values for a given month in 

the last three (3) years  21  ttt QQQ ,, , rainfall values from the three independent 

weather stations for the same month in the preceding year  ttt RRR 321 ,, , and 

their corresponding temperature values  ttt TTT 321 ,, . The numbers 1, 2 and 3 

represent Pietermaritzburg (PMB), Shaleburn, and Giant Castle weather stations 

respectively. 

The approach employed for monthly streamflow prediction in this study was to 

adopt a 1-year lead time. Therefore, the streamflow being modelled for a given 

month in the next year  1tQ  is designated as the target output. Furthermore, 

the prediction of streamflow on a monthly basis was done using individual 

monthly models.  This is because the use of individual monthly models in high 

lead time predictions has been found to produce better predictions when 

compared with the adoption of a single model, which often produce poor 

predictions (Sivapragasam et al. 2011). Hence, a total of twelve individual 

monthly models (one for each month of the year) was developed using the GP 

technique. The mathematical representation of the 1-year lead time model 

adopted can be expressed as: 

 tttttttttt TTTRRRQQQfQ 321321211 ,,,,,,,,       (4) 

Following the construction and formulation of the GP input vector space, the 

streamflow and the climatic datasets prepared for each month constituted 

sixteen (16) data points. 

3.4.2 Data splitting 

As part of the model development process in DDMs, the next step to take after 

selecting the appropriate variables into the model input vector space is the 

splitting of historical observations into training and validation sets. A data-
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preprocessing feature in Discipulus™ called “Notitia” was used to split the 

datasets into training and validation sets. The data-preprocessing process 

ensured that the training and validation datasets are representatives of the same 

population, as DDMs tend to produce poor predictions when allowed to 

extrapolate beyond the range of the training datasets. Therefore, the datasets 

were split into two subsets using a random sampling method with about two-

third of the datasets used for model training and the remaining one-third for 

validation. The training datasets were used for the purpose of model 

development while the validation datasets were used to check the predictive 

capability of the models. 

3.4.3 Objective function and model fitness 

As earlier discussed in Section 3.2.2, Discipulus™ toolkit was used for the 

implementation of GP in this study. The objective function employed by 

Discipulus™ is the minimization of the mean of the sum of squared errors that 

can be obtained between the predicted and the observed values of streamflow. 

The objective function, F , measures the fitness of evolved programs, and can 

be expressed mathematically as: 
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ioQ  and pQ  are observed and predicted values of streamflow respectively, n  is 

the number of data points, and i  is a counter from 1 to the number of data 

points.  

Furthermore, the ability of GP to screen and prioritize input variables during its 

run contributes to the fitness of the evolved programs. In this chapter, 

Discipulus™ was set up to express the contribution of each input variable as a 

function of its frequency of occurrence during the algorithm run so as to ensure 
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the accuracy of predictions. This also allows for computation of the influence of 

each input variable on the magnitude of streamflow in the area of study. 

To initialize the algorithm run, the functional set was supplied with arithmetic, 

comparison and trigonometric functions. Thus, the instruction set of the GP 

algorithm comprised of the selected input variables, the functional set and 

randomly generated constants of between -1 and 1. Though, instructions majorly 

occur in different lengths, Discipulus™ imposes some uniformity on the 

arrangement by gluing instructions together into instruction blocks (Francone 

2011). Each instruction block in Discipulus™ is 32 bits long, and may be 

composed of one or more native processor instructions. 

3.4.4 GP algorithm setup 

The setting of the LGP algorithm parameter is of crucial importance to the 

successful performance of the algorithm (Francone 2011). In this chapter, the 

default parameter settings were adopted as advised by the developer of 

Discipulus™. According to Francone (2011), the default settings for Discipulus™ 

project work quite well for most of the projects.  

Table 3 presents the various parameters used to control the GP algorithm run in 

this study. The GP algorithm for each computation was run on an Intel Core i7 

PC with 3.40GHz and 4GB RAM. The maximum size of each evolved program 

was restricted to 512, initializing with 80 instructions per program. This was done 

in order to prevent the phenomenon of bloating, which means over-growing of 

programs without limits and without any improvement in the fitness of the 

population (Bleuler et al. 2001). 
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Table 3: Summary of GP parameter settings used to control the algorithm run 

Parameters Value 

Program size Initial 80, maximum 512 

Mutation frequency 95% 

Crossover frequency 50% 

Block mutation rate 30% 

Instruction mutation rate 30% 

Instruction data mutation rate 40% 

Population size 500 

Maximum number of run 300 

Generations since start of run 
Homologous crossover 

Number of demes 
Migration rate 

10 000 

95% 

10 

1% 

 

The distributed population structure discussed in Section 2.8.5 was adopted in 

this study. This involves subdividing the population into multiple subpopulations 

or demes. This subdivision allows for occasional migration of individuals among 

demes for exchange of genetic material. Furthermore, it leads to the evolution of 

the entire population, quickens the evolution process, and consequently reduces 

the tendency of the algorithm converging towards local optima. However, the 

use of high migration rates between demes could cancel the effect of having 

separate demes. Thus, the migration rate was set at 1% as advised by 

Francone (2011). 

3.4.5 Model performance evaluation 

The need to evaluate the performance of evolved models is of high importance 

as it is a pointer to the potential of GP technique in providing accurate and 

reliable predictions. Theoretically, a good model should offer the least 
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differences between the predicted and observed values (Maity and Kashid 

2009).  

Three (3) standard model evaluation criteria namely, mean absolute percent 

error (MAPE), root mean square error (RMSE) and coefficient of determination 

(R2) were used to investigate the performance of the monthly models developed 

in this study. The three model evaluation measures were computed using the 

mathematical expressions in equations (6), (7), and (8). 

1. The Mean Absolute Percent Error (MAPE)  
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2. The Root Mean Square Error (RMSE) 
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3. Correlation of Determination (R2) 
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oQ  and pQ  represent observed and predicted streamflows respectively, while  

oQ  and pQ  represent their corresponding mean values.  

Clearly, lower values of MAPE and RMSE would indicate better predictive 

accuracy of the model, while higher values of R2 (close to 1.0) would indicate 

better predictive accuracy of the models. 
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3.5 RESULTS AND DISCUSSIONS 

As earlier discussed, Discipulus™ evolves two categories of program solutions 

namely single program models and team models. It combines the best thirty 

single program models into five team models in order to achieve higher 

predictive accuracy. Results from this study are from the best team models that 

gave a better representation of the hydrological system of the upper Mkomazi 

River compared to that of single program models. The best team model that 

simultaneously provided the minimum error estimates and highest R2 values 

was chosen in each of the monthly simulations carried out.  

Table 4 presents the statistical performance of the individual monthly models in 

predicting streamflow at upper Mkomazi River. It can be observed that all the 

monthly models produced significantly low error estimates in terms of MAPE and 

RMSE while recording high R2 values, both during the training and validation 

phases. 

Table 4: Performance evaluation statistics for the individual monthly models 

MONTH 
TRAINING PHASE VALIDATION PHASE 

MAPE (%) RMSE R2 MAPE (%) RMSE R2 
JAN 3.9401 1.4968 0.9964 3.4179 1.3535 0.9969 
FEB 0.9966 0.4974 0.9994 3.0490 1.0126 0.9923 
MAR 3.6570 1.2469 0.9982 4.3077 1.3797 0.9932 
APR 5.6798 1.0710 0.9891 6.1725 1.1868 0.9741 
MAY 2.6864 0.1982 0.9970 1.8900 0.1245 0.9954 
JUN 1.1854 0.0607 0.9986 0.5932 0.0325 0.9990 
JUL 1.2691 0.0558 0.9985 0.7575 0.0257 0.9999 
AUG 4.2479 0.1047 0.9972 7.5730 0.3401 0.9881 
SEP 11.1474 0.0607 0.9988 5.1472 0.1983 0.9740 
OCT 3.1860 0.1607 0.9994 6.1092 0.2653 0.9905 
NOV 4.2854 0.4855 0.9975 2.1735 0.2918 0.9978 
DEC 6.0007 0.8642 0.9972 2.4802 0.5242 0.9978 
AVG 4.0235 0.5252 0.9973 3.6392 0.5612 0.9916 
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During the training phase, all the models obtained a MAPE of between 1% and 

11%, with models for the months of February and September producing the 

lowest and highest MAPE respectively. In like manner, RMSE values of between 

0.06 and 1.50 were recorded by the developed models. The lowest RMSE 

values were produced by the June and July models, while the highest values 

were produced by the January and March models. All the models produced R2 

values approaching towards unity, similar to the experience reported by Wang et 

al. (2009). This shows that the models exhibited highly significant positive 

correlations between observed and predicted streamflows during training. 

Furthermore, the R2 values produced in all were comparable, as the values 

ranged between 0.9891 – 0.9994.   

During the validation phase, the MAPE estimates obtained by the models were 

between 0.59% and 7.57%. The June and July models produced the best 

performance, providing MAPE estimates of 0.59% and 0.76% respectively. The 

models for the months of April, August and September however generated the 

highest MAPE estimates, as the three models recorded estimates above 6%. 

Similarly, it can be observed that RMSE estimates in most of the models 

converged towards zero. This is in agreement with the results of Mehr et al. 

(2013) where LGP-derived models also produced very low error estimates 

during validation. The RMSE estimates during validation varied between 0.03 – 

1.37, with the models of the months of June and July once again producing the 

lowest RMSE estimates, while the January and March models produced the 

highest estimates in the same fashion as they did during the training phase. 

Additionally, it can be observed that the models for the months with low flows 

(May, June and July) produced the least error estimates, while those with high 

flows (January – April) recorded higher error estimates. This may be attributed 

to the absence of significant number of high flow patterns in the training datasets 

as suggested by Mugumo (2012) in his streamflow forecasting study where low 

flows were also better simulated than high flows.  
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Generally, it can be observed that the error estimates (in terms of both MAPE 

and RMSE) in most of the models were better converged during the validation 

phase when compared to the training phase, with the exception of the models of 

the months of February, March, April, August and October, where slight 

increment can be noticed. These slight differences may be considered to be as 

a result of minimal contrast in patterns of the training and validation datasets of 

the months involved (Mugumo 2012). However, the excellent prediction is a 

pointer to the existence of a significant portion of similarities in their pattern. 

Nonetheless, it can be said that the GP models performed brilliantly considering 

that limited amount of datasets were employed in this study. Furthermore, it can 

be inferred that the subdivision of the population space into demes facilitated 

parallel evolution in the population space and consequently led to the high 

degree of convergence achieved by the monthly models during validation. This 

is evident in the results presented in Table 4, as all the models maintained R2 

values close to 1, as they did during the training phase; showing that the 

observed and predicted values were highly and positively correlated.  

Figures 13, 14 and 15 further reveal the degree of correlation between the 

observed and predicted streamflow values. It can be observed that all the 

models showcased high accuracy and excellent performance in reproducing the 

streamflow dynamics in the upper Mkomazi River. Both the low, intermediate 

and high flows were substantially reproduced, including several sharp spikes 

that characterized the streamflows in some months. This further confirms the 

ability of GP to capture both normal and extreme events as pointed out by 

Londhe and Charhate (2010), and also show that the GP approach exhibits high 

degree of consistency in its predictions (Mehr et al. 2013). It can also be seen 

from the scatter plots that the observed and predicted streamflows are closely fit 

to the line of equality in all the models. 



96 
 

Figure 13: Plots of observed and GP-predicted streamflows (January - April) 
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Figure 14: Plots of observed and GP-predicted streamflows (May - August) 
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Figure 15: Plots of observed and GP-predicted streamflows (Sept. – Dec.) 
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The brilliant performance of GP is evident in the scatter plots of the months of 

March, August and September, despite the large differences that characterize 

their streamflow values. This further shows that GP is capable of capturing rare 

occurrence of large events (Londhe and Charhate 2010). The models of the 

months of June and July can be considered as the best models of this study, as 

they produced the least error estimates (Table 4), and also the closest 

agreement between observed and predicted streamflow values (Figure 14).  

Generally, results obtained from the individual monthly models demonstrate that 

the GP approach is capable of providing an accurate and reliable estimate of 

streamflow in the upper Mkomazi River. 

3.6 IMPACTS OF INPUT VARIABLES ON STREAMFLOW REGIME 

One of the objectives of this study was to quantify the impacts of local climatic 

variables on streamflow in the upper Mkomazi River. To achieve this, the ability 

of GP to determine the impacts of each input variable on predictions made was 

subjected to use. Upon successful completion of each GP algorithm run, 

Discipulus™ computes the contribution of each input variable to the fitness of 

the best programs. The impact of each input variable is a function of its 

frequency of occurrence during the GP algorithm run.  

Table 5 presents the impact of each of the input variables used for streamflow 

prediction in the study. The results are scaled between 0.0 and 1.0. A value of 

1.0 in the frequency column indicates that the particular variable appeared in 

100% of the thirty best programs. 
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Table 5: Impacts of input variables in terms of their frequency of occurrence in 

the best team model for each month 

Inputs 
Frequency of Input Variables 

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec Avg. 

tQ  0.83 0.97 0.67 0.67 0.43 0.53 0.50 0.77 0.60 0.30 0.63 0.43 0.61 

1tQ  0.77 0.47 0.43 0.70 0.53 0.53 0.63 0.60 1.00 0.70 0.83 0.40 0.63 

2tQ  0.50 0.40 0.63 0.83 0.53 0.50 0.90 1.00 0.80 0.93 0.77 0.60 0.70 

tR1  0.67 0.53 0.20 0.63 0.20 0.37 0.83 0.83 0.27 0.67 0.60 0.73 0.54 

tR2  0.63 0.53 0.43 0.40 0.53 0.73 0.97 0.20 0.50 0.70 0.53 0.53 0.56 

tR3  0.63 0.57 0.47 0.63 0.30 0.33 0.40 0.60 0.23 0.83 0.60 0.33 0.49 

tT1  0.53 0.70 0.97 0.97 0.23 0.30 0.50 0.30 0.60 0.23 0.50 0.63 0.54 

tT 2  0.80 0.77 0.47 0.43 0.43 0.73 0.63 0.70 0.27 0.90 0.80 0.47 0.62 

tT 3  0.60 0.47 0.57 0.37 0.53 0.73 0.23 0.57 0.27 0.27 0.67 0.57 0.49 

 

Results from Table 5 show that the contributions of the input variables vary 

across the months of the year. However, on average, streamflow observations 

of the previous two years  2tQ  made the highest contribution towards the 

fitness of the program, with an average frequency of occurrence of 0.70. It can 

also be observed amongst the climatic variables that the rainfall and 

temperature inputs from the Shaleburn weather station had a relatively high 

average in terms of frequency of occurrence ( tR2  = 0.56, tT 2  = 0.62), when 

compared with those of PMB ( tR1  = 0.54, tT1  = 0.54), and Giant Castle ( tR3  = 

0.49, tT3  = 0.49) stations.  

These results show that GP was able to capture the climate variability within the 

upper Mkomazi River Catchment, in relation to the location of the gauging 
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station. Interestingly, the Shaleburn weather station is the closest to the gauging 

station used in this study, and hence the reason for its high frequency of 

occurrence. The excellent predictive performance of GP in this study can further 

be attributed to its ability to screen and prioritize input variables as remarked in 

Makkeasorn et al. (2008)’s streamflow forecasting study. In addition, results 

from Table 5 show that each of the input variables contributed to the fitness of 

the models. These results indicate that the inclusion of climatic information from 

independent weather stations within the river catchment also contributed to the 

predictive accuracy of the models. This supports the findings of Sivapragasam 

et al. (2011) where significant improvement in streamflow prediction accuracy 

was observed upon the inclusion of information from additional weather stations 

within the study area. This is a clear indication that the input variables employed 

in this study have been carefully and appropriately selected. 

Program codes representing the GP models are presented in Appendix A. 

These programs have been decompiled into the C programming language. 

However, owing to the size of these codes, only the program codes for the 

month of January are presented. Codes for other monthly models would be 

deposited in the institutional repository, and made accessible to potential users 

upon request from the appropriate authority. 

3.7 CONCLUSIONS 

The application of genetic programming (GP) to predict streamflow response to 

hydro-climatic variables using limited amount of datasets in the upper Mkomazi 

River, South Africa has been demonstrated. Results show that GP exhibited 

good potentials in predicting monthly streamflow regardless of the use of limited 

datasets. A close agreement and significantly low error estimates were 

produced between observed and predicted streamflows in all the twelve monthly 

models developed. On average, the twelve models produced a MAPE, RMSE 

and R2 estimates of 3.64%, 0.56 and 0.99 respectively during model validation. 
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GP also demonstrated its ability to screen and prioritize input variables in 

conformity to the hydrological regime of the upper Mkomazi River. The GP 

technique and the methodology employed in selecting the input variables both 

contributed to the accuracy and confidence of the streamflow predictions. This 

study further elucidates the potential of GP as a potent predictive tool for 

effective planning and management of water resources, even in the absence of 

significant amount of datasets. 

3.8 RESEARCH OUTPUT 

1. Oluwaseun Oyebode, Josiah Adeyemo and Fred Otieno (2014). Monthly 

streamflow prediction with limited hydro-climatic variables in the upper 

Mkomazi River, South Africa using genetic programming. Fresenius 

Environmental Bulletin. Vol. 23: No. 3.  
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CHAPTER 4 

ARTIFICIAL NEURAL NETWORKS FOR STREAMFLOW 

PREDICTION AND PERFORMANCE COMPARISON 
BETWEEN GP AND ANNs 

4.1 INTRODUCTION 

The management of water resource systems has always been of crucial 

importance to water managers and decision makers, most especially in water-

stressed countries such as South Africa. Water resources engineers and other 

related stakeholders have developed various approaches towards managing the 

relatively little amount of water in these regions in order to meet the increasing 

profile of water demand. However, explosive increase in population continues to 

place higher demands on the limited water resources. A major constituent of the 

hydrologic cycle – streamflow, remains a vital point of reference in water 

resources management due to its role as a major source of freshwater 

accessibility for the sustainability of man, animal and the natural environment. 

Thus, streamflow prediction is highly essential to the making of worthwhile 

decisions by all relevant stakeholders.  

Various approaches that have been employed by researchers with the aim of 

predicting streamflow have been extensively discussed in chapter 2 of this 

thesis.  However, in hydrological modelling studies, limitations in the availability 

of datasets often pose serious challenge to the achievement of accurate and 

reliable predictions (Babovic and Keijzer 2002). Therefore, there is a need to 

find out suitable approaches that could serve as alternatives in the bid to 

achieving accurate and reliable predictions in data sparse regions. 

Evolutionary computation (EC) and global optimization techniques have gained 

much popularity in hydrological modelling studies due to their ability to produce 
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robust models, and also enhance faster convergence towards global optimum. 

The ease with which they can be integrated into other modelling techniques also 

serves as a major reason for their prominence. In this chapter, the performance 

of two evolutionary inspired data-driven modelling techniques, genetic 

programming (GP) and differential evolution (DE)-trained artificial neural 

networks (DE-ANN) were compared, to determine the better approach to be 

adopted for streamflow prediction in the upper Mkomazi River under limited 

availability of datasets. 

Two case studies involving the use of ANN are presented in this chapter. Case 

study 1 involved the use of the same set of input variables employed in GP 

model development, while the second case study entailed the introduction of 

early stopping method, incorporation of GP as a screening tool, and the 

subjection of the ANN learning process to sensitivity analysis. For the purpose of 

identification, the ANNs in Case study 1 and 2 will hereafter be referred to as 

ANN-1 and ANN-2 respectively. The performance of the ANN-1 and ANN-2 

derived models were investigated comparatively with that of the GP models (as 

evaluated earlier in chapter 3), so as to determine the most suitable approach 

for streamflow prediction in the upper Mkomazi River.  

4.2 METHODOLOGY 

4.2.1 Artificial neural networks (ANNs) 

ANNs are computational intelligence (CI) techniques inspired by the neurological 

processing ability of the human brain. ANNs consist of a pool of simple 

processing units called neurons which communicate by sending signals to each 

other over a large number of weighted connections (Kröse and van der Smagt 

1996). The operating principles of ANNs is based on parallel distributed 

information processing that is capable of storing experiential knowledge gained 

through the process of learning, and making it available for future use 
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(Elshorbagy et al. 2010). The processing units function by receiving inputs from 

external sources or other neurons in the network and computing output signals 

which is transmitted to other units. These processing units are found in layers 

commonly categorized as input, hidden and output layers. Nonlinearities 

inherent in the inputs of the system being modelled are transformed into a linear 

space by the use of an activation function in the hidden layer of the network. The 

commonly used activation functions are sigmoidal functions such as the logistic 

and hyperbolic tangent functions (Maier and Dandy 2000). The major network 

topologies that characterize the architecture of ANNs are the feed-forward 

neural networks (FFNN) and the re-current neural networks; with multilayer 

perceptron (MLP), radial basis function (RBF) networks, Kohonen’s self-

organizing feature maps (SOFM) and Elman-type RNN as the most popular 

ANNs (Coulibaly and Evora 2007; Jha 2007). Numerous specialized learning 

algorithms have been employed for the purpose of training and subjecting ANNs 

to adaptive learning. These methods have been fully discussed in Section 2.7.6 

of this thesis. Hence, the ability of ANNs to assimilate complex and nonlinear 

input-output interactions makes it suitable for predictive studies in the field of 

water resources. 

The multilayer feed-forward neural network (FFNN) architecture was employed 

in this study. The FFNN was trained using differential evolution (DE) algorithm. 

A brief introduction on working principles of DE is presented in the next section. 

4.2.2 Differential evolution algorithm 

Differential evolution (DE) is a relatively new technique in EA, which was 

introduced by Storn and Price (1997). DE is a population-based heuristic 

algorithm for global optimization. The working operation of the DE algorithm 

primarily involves four stages namely initialization, mutation, recombination and 

selection. DE differs from other population-based techniques in that it employs 

differential mutation (Chauhan et al. 2009). Differential mutation as a simple 
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adaptive scheme is used in DE to scale mutation increments to its correct 

magnitude. In like manner, DE uses a non-uniform crossover in which the 

parameter values of an offspring vector are inherited in uneven proportions from 

the parent vectors (Abdul-Kader 2009). Furthermore, the selection method 

utilized by DE is the tournament selection method, where the offspring vector 

competes against one or both of its parents (Abdul-Kader 2009). 

Assuming a population of solutions of size, NP, within a D-dimensional search 

space and a defined number of real valued vectors are randomly initialized. Two 

arrays referred to as the primary and secondary arrays are used to hold the 

population of NP, D-dimensional, real valued arrays. The primary array holds the 

current vector population, while the secondary array accumulates vectors that 

are selected for the next generation. Every pair of vectors (Xa, Xb) defines a 

vector differential: Xa – Xb. Upon the random selection of vectors Xa and Xb, they 

undergo combination via mutation operation so as to produce new generation of 

vectors (a weighted differential of the vectors). Crossover operation is thereafter 

performed on the newly generated vectors. This involves the perturbation of the 

newly generated vectors with a randomly selected target vector, Xc to produce a 

trial vector. The scaling of the vectors is performed in DE by using a scaling 

factor, F, which is a user-defined constant in the range of 0 to 1.2. Similarly, the 

non-uniform crossover is implemented using a user-defined constant in the 

range 0 ≤ CR ≤ 1.0 (Abdul-Kader 2009). The resulting trial vector is chosen for 

the next generation if and only if it generates a decrease in the value of the 

objective function. Consequently, evolution of vectors occurs over successive 

iterations and generations in order to explore the search space, and to locate 

the minima of the objective function. The iteration is finally brought to a halt 

when a predefined termination criterion is met. 

DE has been successfully applied for solving complex engineering problems due 

to its ability to diffuse close to the global optimum solution (Qian et al. 2009; 
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Adeyemo and Otieno 2010; Pal et al. 2010). With particular reference to training 

of ANNs, DE have been found to produce better and quicker convergence using 

only small number of parameters for its algorithm setup, unlike other training 

algorithms such as BP, LM, CG and GA which are either susceptible to local 

optima, or require high computational times and huge number of iterations to 

obtain satisfactory results (Slowik and Bialko 2008; Abdul-Kader 2009; 

Mihalache and Leon 2009; Piotrowski and Napiorkowski 2011).  

4.3 MODEL DEVELOPMENT 

4.3.1 Case study 1 

As earlier mentioned, the multilayer FFNN topology was investigated 

comparatively with the GP technique for streamflow prediction in this study. The 

architectural design of the FFNN models developed comprised of three layers: 

one input, one hidden and one output layer (Figure 16). In this first case study, 

the aim was to create a basis for comparison between the ANN-1-derived 

models and the GP models earlier derived in chapter 3.  Thus, the modelling 

strategy employed was to subject the ANN-1 to the same set of data used in the 

development of the GP models. This is done to avoid any form of bias. Thus, the 

input layer of the ANN-1 models comprised of nine input nodes, representing the 

nine selected input variables, while the output node comprised of only one 

neuron (the target output). The optimal architecture of each monthly model was 

determined by incrementally varying the number of hidden layer nodes 2 to 10 

using a single (one) stepping approach. 

The DE algorithm which was utilized in training the network was run for 10 000 

generations for each of the monthly models. A computer with the same 

specifications as the one used for the GP algorithm run (as stated in chapter 3) 

was also employed. The DE algorithm was however written using Visual Basic 

for Applications (VBA) programming language. The population size, NP, and 
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crossover constant, CR, were used to control the algorithm run, while the 

mutation scale factor, F, controlled the amplification of differential variation 

during the run. Following the suggestion of Price and Storn (2013), the DE 

control parameters, NP, CR and F were set at “D multiplied by 10”, 0.9 and 0.4 

respectively, (where D is the number of weights and biases in the selected 

architecture). In terms of data-preprocessing, a logistic sigmoidal-type activation 

function of between 0 and 1 was used in the hidden layer of the FFNN, to 

rescale the inputs in the range 0.1 – 0.9. The rescaling of the inputs to the 

extreme ranges of the activation function was avoided in accordance with the 

advice of Maier and Dandy (2000). It has been earlier established in Section 

2.7.3 of this thesis that the rescaling of input variables towards the extreme 

bounds of the activation function could reduce the size of the weight updates, 

thus resulting into flats spots during training (Maier and Dandy 2000). A linear 

activation function was however employed in the output layer, in order for the 

network to transform nonlinearities in the inputs into a linear space.  

 

Figure 16: Architecture of the three-layered multilayer feed-forward neural 

network (FFNN) 
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4.3.2 Case study 2 

As discussed in Section 2.7.10, one of the major problems that usually confront 

ANNs in hydrological modelling studies is over-parameterization of inputs. Thus, 

in this second case study, an attempt was made to curb the effects of over-

parameterization which may likely occur in case study 1, considering the fact 

that limited amount of datasets was employed. The approach employed was to 

introduce GP as a screening tool for selecting the input variables into the input 

vector space of the ANN-2 models. Results from the GP technique already 

established the ability to screen and prioritize input variables according to their 

contribution to the fitness of the best program solutions. Following the input 

impact results obtained in Table 5, four out of the nine variables were selected 

for the development of ANN-2 models. The selection of the four input variables 

was based on their impacts on the predictive accuracy of the GP models. Thus, 

the dimensionality of the ANN-2 models was reduced compared with that of the 

ANN-1 models. In addition, different combinations of input variables were used 

across the twelve monthly models unlike in ANN-1 where the same combination 

was employed in all the models. Table 6 presents the selection and 

combinations of the four input variables used for the development of each 

monthly model.   

Table 6: Combination of input variables used in developing the monthly models 

Inputs Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec 
Qt X X X X    X X    
Qt-1 X   X X X X  X  X  
Qt-2   X X X  X X X X X X 
R1t X      X X    X 
R2t  X   X X X   X   
R3t          X   
T1t  X X X     X   X 
T2t X X    X  X  X X  
T3t   X  X X     X X 
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Furthermore, the learning process of the ANN-2 models was fine-tuned by 

subjecting the DE algorithm to sensitivity analysis. This involved varying the 

parameter settings during the run to determine the optimal parameters that will 

generate the least errors. CR was varied between 0.5 – 0.9, while F was altered 

between 0.1 – 0.5. Both CR and F were adjusted incrementally using a stepping 

value of 0.1. The parameters could have been adjusted to span across their 

respective intervals; however, adopting this approach would definitely result in 

higher computational times. An early-stopping method was also introduced to 

avoid the problem of overfitting. Early stopping seeks to identify the point where 

minimum error on the validation datasets starts to increase, and immediately 

stops training to prevent overfitting. With the exception of the incorporation of 

GP and early-stopping methods, as well as the fine-tuning of the DE algorithm, 

all other parameter settings and procedural steps employed in developing the 

ANN-1 models were maintained.  

In all, nine input variables were used in the ANN-1 models, while four were used 

in the ANN-2 models. Thus, the optimal network architecture in both case 

studies is a function of the optimal number of hidden nodes that returns the 

minimum error between observed and predicted values at the end of the run. 

4.4 RESULTS AND DISCUSSIONS 

The performance of all the models developed by the ANNs (ANN-1 and ANN-2) 

was subjected to test by adopting the three performance evaluation criteria used 

for the GP models (i.e. MAPE, RMSE and R2). The performance of ANN models 

were evaluated against those obtained using the GP technique. The 

performance evaluation results are presented in Tables 7 and 8, while the 

optimal network architectures are presented in Table 9. The performance of the 

different models in predicting streamflow in the upper Mkomazi River is analyzed 

and presented with reference to each of the case studies.  
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Table 7: Comparison of MAPE, RMSE and R2 values between GP and ANN 

during training 

MONTH 
TRAINING PHASE 

MAPE (%) RMSE R2 
GP ANN-1 ANN-2 GP ANN-1 ANN-2 GP ANN-1 ANN-2 

JAN 3.9401 1.2865 3.2593 1.4968 0.6778 1.7259 0.9964 0.9992 0.9951 
FEB 0.9966 0.4008 7.2021 0.4974 0.2689 5.7134 0.9994 0.9997 0.8653 
MAR 3.6570 3.1207 91.2276 1.2469 1.1404 41.5205 0.9982 0.9989 0.1176 
APR 5.6798 3.4220 50.1606 1.0710 0.7181 8.4563 0.9891 0.9949 0.2966 
MAY 2.6864 0.6667 1.7045 0.1982 0.0694 0.1627 0.9970 0.9991 0.9961 
JUN 1.1854 1E-08 0.1711 0.0607 7E-10 0.0081 0.9986 1.0000 1.0000 
JUL 1.2691 0.2050 27.5932 0.0558 0.0150 1.3923 0.9985 1.0000 0.6224 
AUG 4.2479 4.1465 15.3046 0.1047 0.1799 0.5216 0.9972 0.9918 0.9302 
SEP 11.1474 5.3100 10.9293 0.0607 0.2615 0.4853 0.9988 0.9984 0.9946 
OCT 3.1860 4.2952 58.9866 0.1607 0.4268 4.4800 0.9994 0.9953 0.4610 
NOV 4.2854 2.2617 34.0076 0.4855 0.2183 3.5226 0.9975 0.9995 0.8667 
DEC 6.0007 1E-10 23.6360 0.8642 3E-11 5.5912 0.9972 1.0000 0.8304 
AVG 4.0235 2.0929 27.0152 0.5252 0.3313 6.1317 0.9973 0.9981 0.7480 

 

Table 8: Comparison of MAPE, RMSE and R2 values between GP and ANNs 
during validation 

MONTH 
VALIDATION PHASE 

MAPE (%) RMSE R2 
GP ANN-1 ANN-2 GP ANN-1 ANN-2 GP ANN-1 ANN-2 

JAN 3.4179 65.407 45.769 1.3535 29.1835 13.0723 0.9969 0.0992 0.8444 
FEB 3.0490 22.707 61.138 1.0126 18.3385 19.1202 0.9923 0.9651 0.9509 
MAR 4.3077 35.350 17.067 1.3797 20.2504 10.6233 0.9932 0.3559 0.6991 
APR 6.1725 21.983 18.862 1.1868 6.3037 5.3593 0.9741 0.5174 0.6993 
MAY 1.8900 57.279 57.748 0.1245 3.8866 3.9262 0.9954 0.2272 0.2234 
JUN 0.5932 40.584 9.4256 0.0325 1.6614 0.4419 0.9990 0.6659 0.7441 
JUL 0.7575 87.680 21.531 0.0257 2.5899 0.6496 0.9999 0.5788 0.5137 
AUG 7.5730 58.147 46.672 0.3401 3.9421 1.3623 0.9881 0.0080 0.9306 
SEP 5.1472 100.67 107.54 0.1983 1.8091 1.8671 0.9740 0.2979 0.2917 
OCT 6.1092 125.09 58.171 0.2653 3.3390 1.7698 0.9905 0.0959 0.6667 
NOV 2.1735 255.03 11.610 0.2918 24.8077 1.3853 0.9978 0.1231 0.9707 
DEC 2.4802 89.395 87.983 0.5242 16.0652 8.3457 0.9978 0.0917 0.9295 
AVG 3.6392 65.407 45.769 0.5612 11.0148 5.6602 0.9916 0.3355 0.7053 
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4.4.1 Case study 1 

It can be observed from Table 7 that both the GP and ANN-1 models provided 

very competitive performance during the training phase, with the ANN-1 models 

having a slight edge over the GP models. During training, the ANN-1 models 

converged better towards zero than the GP models, while producing the lowest 

errors in the months of June and December. An agreement in the maximum 

MAPE estimates of the GP and ANN-1 models can be noticed, as both 

techniques (GP and ANN-1) produced maximum MAPE estimates in the month 

of September – 5.31% and 11.1% respectively. It can also be noted that the 

RMSE estimates recorded by the ANN-1 models was in line with the orientation 

of its MAPE estimates, as the minimum RMSE values converged towards zero 

and were also generated in the months of June and December. The maximum 

RMSE of 1.14 was however produced in the March model. Although, the 

performance of the ANN-1 models was marginally better in most of the months 

during training, some dominance by the GP models were however evident in the 

August, September and October models.  The R2 values in both techniques (GP 

and ANN) were found to be comparable, as high correlation between observed 

and predicted streamflows were recorded. The R2 values ranged between 

0.9918 – 1.0000 in the ANN-1 models, and 0.9891 – 0.9994 in the GP models. 

Generally, the performance of the GP and ANN-1 models during training can be 

said to be comparable, but with the ANN-1 models producing better 

convergence in most cases. This is in correlation with the study of Ni et al. 

(2010) where ANN performed slightly better than GP during the training phase. 

On the other hand, GP models performed considerably better than the ANN-1 

models during validation, as the ANN-1 produced higher error estimates. The 

errors produced in the GP models were better converged towards zero, and 

were estimated to be 0.6% - 7.6% and 0.03 – 1.38 for MAPE and RMSE 

respectively. In furtherance to that, all the GP models maintained the highly 
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positive correlations recorded during training, with R2 values of 0.9740 – 0.9999. 

This proves the consistency of GP and showcases its ability to produce good 

generalization across training and validation datasets as also recorded by Wang 

et al. (2009). However, the error estimates in the ANN-1 models increased 

substantially, yielding higher MAPE and RMSE estimates, while generating 

lower R2 values. This may be considered as a result of poor learning which 

arises when small amount of datasets are used for model training in ANNs 

(Zhang et al. 2010). It can be inferred that ANN-1 simply memorized the learning 

process as evident in the training results, and thus led to its inability to produce 

adequate generalization on the validation datasets as also experienced by 

Nourani et al. (2011). Furthermore, it was noticed that the optimization of the 

network architecture (number of hidden layer nodes) resulted in higher 

computational demands in terms of training time and computer memory. More 

understanding in this regard can be found from Table 9 which presents the 

optimal network architecture of the individual ANN models as determined by the 

DE algorithm, and returned at each end of the run.  

Table 9: Network architecture showing number of hidden layer nodes in the 

ANN models 

Month Optimal Network Architecture 
ANN-1 ANN-2 

Jan 9-10-1 4-4-1 
Feb 9-7-1 4-3-1 
Mar 9-10-1 4-3-1 
Apr 9-7-1 4-3-1 
May 9-10-1 4-4-1 
Jun 9-5-1 4-5-1 
July 9-7-1 4-3-5 
Aug 9-8-1 4-4-1 
Sep 9-7-1 4-5-1 
Oct 9-9-1 4-4-1 
Nov 9-10-1 4-3-1 
Dec 9-4-1 4-5-1 
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It was found during the runs that the training speed became slower with increase 

in number of hidden layer nodes. The reduction in training speed can be 

considered as a function of the increment in number of synaptic connections 

between units and adjacent network layers. Thus, as the number of hidden layer 

nodes increased, greater amount of weight/load was imposed on the network. 

This observation agrees with Karthikeyan et al. (2013)’s recent submission in 

their groundwater level prediction study, that the number of hidden layer nodes 

influences computational time. The authors stated further that ANNs require an 

ample period of time for continuous training in order to achieve better 

convergence when used on small datasets. Some researchers however opined 

that the idea of increasing the computational time should not be seen as a 

guarantee to achieving better generalization, as this effort may yield no practical 

improvement in the results (Ilonen et al. 2003; Ghaffari et al. 2006; Corzo and 

Solomatine 2007). Thus, there was no basis for subjecting the models to further 

training in this study. 

In contrast, the GP models produced better generalization at a faster learning 

rate; a product of its ability to distribute the semi-isolated population space into 

multiple subpopulations, called demes. As earlier observed in chapter 3, and as 

pointed out by Babovic and Keijzer (2000), the distribution of the demes gave 

room for occasional migration of individuals between adjacent demes, thereby 

leading to the occurrence of parallel evolution, while also ensuring faster 

convergence. Although, all the simulations in this study were carried out on the 

same computer, the average computational time of the GP and ANN-1 models 

were 4 and 8 hours respectively. 

Figures 17 and 18 present plots of observed against predicted streamflow 

values. The plots clearly show some few under- and over-estimations of the 

observed values by the ANN-1 models. 
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Figure 17: Observed and predicted streamflows by the GP and ANN models 

(January - June) 
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Figure 18: Observed and predicted streamflows by the GP and ANN models 

(July - December) 
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Despite ensuring that the validation datasets were within the range of the 

training datasets, the variations between observed and ANN-1 predicted values 

during the months of high flows (January, February and March) were more 

pronounced than that of the months characterized by low flows (June and July). 

4.4.2 Case study 2 

As presented in Tables 7 and 8, significant improvement can be noticed in the 

performance of the ANN-2 models compared to the ANN-1 models. Although, 

the error estimates produced during training were higher than those recorded by 

the ANN-1 models, it can be observed that the models achieved better 

convergence in the validation phase. This is evident as the errors produced 

during validation were far less than those produced during training. This implies 

that the overfitting and memorization problems that plagued the ANN-1 models 

were totally eliminated in the ANN-2 models. This is an indication that the 

introduction of the early stopping method in the second case study was effective 

in preventing the occurrence of overfitting in the ANN-2 models. Similar 

experience was reported in a rainfall-runoff modelling study conducted by Siou 

et al. (2012). In the study, early stopping was also found to have successfully 

prevented the occurrence of overfitting in ANN-derived models thereby resulting 

to improved forecast accuracy.  

The superiority of the ANN-2 models over ANN-1 models is quite noticeable in 

the R2 values, as the observed and ANN-2 predictions were reasonably 

correlated, with the exception of the May and September models. A computation 

of the relative MAPE, RMSE and R2 differences between the ANN models 

during validation is presented in Table 10, with the ANN-2 models producing 

lower MAPE and RMSE estimates, and higher R2 values in most of the months. 
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Table 10: Relative differences between the ANN models during validation 

Month Relative differences (%) 
MAPE RMSE R2 

Jan 30.0 55.2 88.3 
Feb 62.9 4.1 1.5 
Mar 51.7 47.5 49.1 
Apr 14.2 15.0 26.0 
May 0.8 1.0 1.7 
Jun 76.8 73.4 10.5 
Jul 75.4 74.9 11.2 
Aug 19.7 65.4 99.1 
Sep 6.4 3.1 2.1 
Oct 53.5 47.0 85.6 
Nov 95.4 94.4 87.3 
Dec 1.6 48.1 90.1 

Average 43.3 48.6 52.4 
 

It is clearly evident from the results that the incorporation of the GP technique 

and fine-tuning of the ANN learning process led to the improved performance of 

the ANN-2 models. The introduction of GP as a screening tool, to reduce the 

dimensionality of the models obviously facilitated quick convergence and 

reduced over-parameterization effects. In the same vein, the subjection of the 

DE algorithm to sensitivity analysis invigorated the search for better solutions, 

and consequently resulted into improved performance and reduced model 

complexity. Table 9 clearly shows that the ANN-2 models were able to produce 

better performance using a less complex architecture (number of hidden nodes). 

Thus, it can be said that the methodologies adopted in case study 2 prevented 

the imposition of higher amount of load on the network (as experienced in case 

study 1), and consequently translated into lesser computational time. This is in 

accordance with findings of Siou et al. (2012) where the introduction of early 

stopping and other optimization techniques also facilitated selection of optimal 

model complexity thereby translating into decreased computational time. 
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Although, results of the ANN-2 models were improved through the synergistic 

integration of the EC techniques (GP and DE), yet the ANN-2 models were 

unable to match the brilliant performance of the GP models in all aspects. The 

GP models exhibited dominance in terms of predictive accuracy, convergence 

rate and adaptation to rare occurrences of extreme events (Figure 17 and 18). 

The middling performance of the ANN models in this study points to the fact that 

the application of ANNs in modelling and prediction studies is problem specific 

and data dependent (Bhattacharya et al. 2001), and that high difficulty exists in 

modelling hydrological processes with limited datasets (Ni et al. 2010). 

As a final point, the consistency and superiority of the GP technique in 

simulating the hydrological processes in the upper Mkomazi is evident, as the 

GP models were able to significantly reproduce the streamflow dynamics in the 

river for each month of the year. These results are very much in firm agreement 

with similar comparative studies such as Makkeasorn et al. (2008); Guven 

(2009) and Londhe and Charhate (2010), which have also found GP-derived 

models with superior performance when compared with the ANNs. 

4.5 CONCLUSIONS 

In this chapter, the performance of two data-driven modelling techniques namely 

genetic programming (GP) and differential evolution (DE)-trained artificial neural 

networks (ANNs) were investigated comparatively for monthly streamflow 

prediction using limited amount of datasets. Two case studies were considered 

in the application of ANNs. Correlation analysis, used for determining the 

predictor variables in the GP technique was adopted in the first case study. 

However, in the second case study, GP, DE and early stopping methods were 

integrated for optimization purposes. The ANN models in the first case study 

were found to be plagued by the problems of overfitting and over-

parameterization, which is typical of ANNs when confronted with small-sized 

datasets. The ANN models developed in the second case study however 
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showcased improved performance through the conjunctive effort of early 

stopping method, GP and DE, but their performance was not enough to match 

that of the GP-derived models. In general, the performance of the GP models 

was found to be superior to the ANNs both in terms of predictive accuracy and 

computational speed despite the use of limited datasets.  

4.6 RESEARCH OUTPUT 

1. Josiah Adeyemo, Oluwaseun Oyebode and Fred Otieno (2014). 

Performance comparison of two data-driven modelling techniques for 

long term streamflow prediction using limited datasets. Journal of the 

South African Institution of Civil Engineering (SAICE). Under review. 

2. Oluwaseun Oyebode, Josiah Adeyemo and Fred Otieno (2014). An 

evolutionary approach for improving artificial neural networks 

performance in river flow forecasting. Paper accepted for presentation at 

the International Journal of Arts and Sciences’ (IJAS) American Canadian 

Conference for Academic Disciplines, 19 – 22 May, 2014, Toronto, 

Canada. 
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CHAPTER 5 

CONCLUSIONS AND RECOMMENDATIONS 

5.1 GENERAL CONCLUSIONS 

In this study, two data-driven modelling techniques were applied to model the 

impacts of hydro-climatic variables on streamflow dynamics in the upper 

Mkomazi River, South Africa. The aim was to determine a suitable technique 

capable of representing the streamflow processes on monthly basis under 

limited availability of datasets. Genetic programming (GP) was first used in 

chapter 3, while its performance was investigated comparatively with that of 

differential evolution-trained artificial neural network (DE-ANN) models in 

chapter 4. Results obtained from both chapters have shown that the main 

objective of this study which was to model the impacts of hydro-climatic 

variables on streamflow dynamics in the upper Mkomazi River using limited 

datasets was achieved. Models developed using the GP technique was highly 

successful in reproducing the streamflow dynamics of the river. 

As mentioned in chapter 1, in achieving the aim, this study has five specific 

objectives which were: 

(a) To quantify the impacts of local climatic variables on streamflow in the 

upper Mkomazi River.  

(b) To develop models that could be used for effective streamflow prediction 

in the upper Mkomazi River using two data-driven modelling techniques 

namely, genetic programming (GP) and differential evolution (DE)-trained 

artificial neural networks (ANN). 

(c) To evaluate the potentials of the developed models individually using 

standard model evaluation criteria. 
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(d) To carry out performance comparison of the models so as to determine a 

suitable approach for streamflow prediction under limited availability of 

datasets in the upper Mkomazi River. 

(e) To provide means of improving the performance of the developed models 

in order to achieve better predictive accuracy and reliability. 

The specific objective (a) above was studied in chapter 3, as GP was used to 

determine the impacts of input variables used in this study. The determination of 

these impacts was a function of the contribution of each input variable to the 

fitness of the program models developed. GP’s ability to screen and prioritize 

input variables during its algorithm run was instrumental to the achievement of 

this aim. Rainfall and temperature observations from the Shaleburn weather 

station for the same month in a given year, and streamflow observations for the 

same month in the previous two years were found to produce the highest impact 

on streamflow generation in the upper Mkomazi River. The input impact results 

further indicated that the methods applied in selecting the input variables used in 

this study were appropriately evaluated, as all inputs were shown to have 

contributed to the fitness of the developed models. 

Also in chapter 3, GP was successfully applied to develop individual monthly 

models which were found capable of simulating the streamflow processes in the 

upper Mkomazi River despite using the few available datasets. The GP models 

were able to capture the streamflow patterns. The low, intermediate and high 

flows were substantially reproduced by GP. The occasional spikes which depict 

rare occurrences of extreme events were adequately captured by the GP 

models. The GP models also exhibited great potentials in terms of quick 

convergence towards global optimum, while also producing good generalization 

ability. 
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In chapter 4, the DE-ANNs were employed in order to have a basis for 

comparison with the GP models, thereby addressing the specific objectives (b), 

(c) and (e). Results from the two case studies considered have shown the 

superiority of the GP models over the ANNs. The ANNs were unable to 

adequately reproduce the streamflow dynamics of the upper Mkomazi River as 

effectively achieved by the GP models. The ANNs developed in case study 1 in 

particular suffered from overfitting and over-parameterization problems which 

were evident in their results across the three model performance criteria used in 

this study (MAPE, RMSE and R2). A significant improvement in the performance 

of the ANNs developed in the second case study was however achieved. It was 

demonstrated in chapter 4 that the incorporation of GP, introduction of early 

stopping method and fine-tuning of the DE control parameters could lead to 

improvement in the performance of ANN-derived models. 

One of the advantages derived from the use of GP in this study was its ability to 

screen and prioritize inputs variables which was found to be effective in reducing 

the dimensionality of the ANN models in the second case study. This led to the 

minimization of over-parameterization effects. Similarly, the introduction of the 

early stopping method was able to totally eliminate overfitting problems which 

were experienced in case study 1. Furthermore, the DE algorithm also 

demonstrated robustness in improving the performance of the ANN models via 

invigorated search for better solutions. Thus, this study has showcased various 

techniques that can be used to improve the performance of the ANN models in 

streamflow modelling. 

Although difficulty exists in modelling hydrological processes using small amount 

of datasets, this study has demonstrated the consistency, efficacy and reliability 

of GP in modelling complex hydrological processes in the absence of large-

sized historical records. Results from this study further indicate that evolutionary 

computation techniques can be easily integrated in any physically-based model 
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or other DDMs for the purpose of complementary modelling as remarked in 

chapter 2. 

There is no doubt that the performance of the GP models developed in this 

study would improve when presented with larger amounts of datasets, thereby 

resulting into better representation of the hydro-climatic processes in the upper 

Mkomazi River catchment.  

The GP models developed in this study can be deployed as predictive tools for 

planning and management of water resources within the Mkomazi region, most 

especially in optimizing the operations of the proposed dams when finally built. 

Furthermore, this study demonstrates GP as an alternative technique to be 

considered in hydrological modelling studies, especially as it relates to modelling 

of hydrological processes in data sparse regions. 

5.2 RECOMMENDATIONS FOR FUTURE RESEARCH 

The application of GP and other model development techniques used in this 

study can be extended for daily or hourly streamflow prediction (real-time 

forecasting) so as to provide information on short-term basis. Projections in this 

respect could help in giving signals on the impending dangers of flood and 

drought. 

Following the success recorded in the application of GP in modelling the 

streamflow processes in the upper Mkomazi River, the methodology and 

techniques could be adopted for modelling of other regions of the catchment 

such as the lower Mkomazi River. Such studies could help in ensuring 

sustainability and maximization of available water resources to meet the water 

demands at the lower Mkomazi region, and also protect the wetlands, lakes and 

estuaries around the river mouth. The techniques used in this study could also 

be adopted for modelling purposes in other catchments in South Africa or Africa 

as a whole, especially in areas where limited datasets exists. 
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The GP models developed in this study which currently exist in C programming 

language can be developed into a decision support system (DSS) with user-

friendly interface. This will enable data to be easily sent to the codes, thereby 

facilitating the application of the models by users with little knowledge of 

computing. 

The incorporation of remote sensing data via the geographic information 

systems (GIS) into DDMs such as GP and ANN could also be subjected to test. 

GIS may help to generate more data which could facilitate the spatial 

representation of hydrological processes within a river catchment, provided the 

input variables have good relationships to the outputs being modelled. 

On a final note, further studies can be directed towards the incorporation of 

promising evolutionary computation techniques such as GP and DE in climate 

change studies, especially as it concerns downscaling of climate projections 

from global climate models (GCMs), and also in uncertainty assessment in 

process-based hydrological models. 
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APPENDIX A 

SOURCE CODES FOR JANUARY GP MODEL IN C/C++ 
 

#include <math.h> 

#include <float.h> 

#define TRUNC(x)(((x)>=0) ? floor(x) : ceil(x)) 

#define C_FPREM (_finite(f[0]/f[1]) ? f[0]-(TRUNC(f[0]/f[1])*f[1]) : f[0]/f[1]) 

#define C_F2XM1 (((fabs(f[0])<=1) && (!_isnan(f[0]))) ? (pow(2,f[0])-1) : 

((!_finite(f[0]) && !_isnan(f[0]) && (f[0]<0)) ? -1 : f[0])) 

 

  

float DiscipulusCFunctionSubC0(float v[]) 

{ 

  long double f[8]; 

  long double tmp = 0; 

  int cflag = 0; 

 

  f[0]=f[1]=f[2]=f[3]=f[4]=f[5]=f[6]=f[7]=0; 

 

  double Qt=v[0] ;  

  double Qt-1=v[1] ;  

  double Qt-2=v[2] ;  

  double R1t=v[3] ;  

  double R2t=v[4] ;  

  double R3t=v[5] ;  

  double T1t=v[6] ;  

  double T2t=v[7] ;  
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  double T3t=v[8] ;  

 

  L0: cflag=((_isnan(f[0]) || _isnan(f[1])) ? true : (f[0] < f[1])); 

  L1: tmp=f[1]; f[1]=f[0]; f[0]=tmp; 

  L2: f[0]-=0.2174909114837647f; 

  L3: f[0]-=T3t; 

  L4: f[0]*=1.77857518196106f; 

  L5: f[0]=cos(f[0]); 

  L6: f[1]+=f[0]; 

  L7: f[0]=sin(f[0]); 

  L8: cflag=((_isnan(f[0]) || _isnan(f[0])) ? true : (f[0] < f[0])); 

  L9: tmp=f[1]; f[1]=f[0]; f[0]=tmp; 

  L10: f[0]+=f[1]; 

  L11: f[0]=sqrt(f[0]); 

  L12: cflag=((_isnan(f[0]) || _isnan(f[0])) ? true : (f[0] < f[0])); 

  L13: f[0]-=f[1]; 

  L14: f[0]=fabs(f[0]); 

  L15: f[0]/=f[0]; 

  L16: f[0]+=f[0]; 

  L17: tmp=f[0]; f[0]=f[0]; f[0]=tmp; 

  L18: f[0]=sqrt(f[0]); 

  L19: if (cflag) f[0] = f[0]; 

  L20: if (cflag) f[0] = f[0]; 

  L21: f[0]*=pow(2,TRUNC(f[1])); 

  L22: f[0]-=f[0]; 

  L23: f[0]=-f[0]; 

  L24: f[0]=cos(f[0]); 

  L25: f[0]/=T2t; 

  L26: f[0]=cos(f[0]); 
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  L27: f[0]/=R1t; 

  L28: f[0]/=-0.9636838436126709f; 

  L29: if (cflag) f[0] = f[1]; 

  L30: f[0]=fabs(f[0]); 

  L31: f[0]*=Qt-1; 

  L32: f[0]*=0.2174909114837647f; 

  L33: f[0]=sqrt(f[0]); 

  L34: f[1]*=f[0]; 

  L35: f[0]*=f[1]; 

  L36: f[1]*=f[0]; 

  L37: f[0]*=pow(2,TRUNC(f[1])); 

  L38: f[1]*=f[0]; 

  L39: f[0]-=0.2174909114837647f; 

  L40: f[0]-=T3t; 

  L41: f[0]+=Qt-2; 

  L42: f[0]=cos(f[0]); 

  L43: f[1]+=f[0]; 

  L44: f[0]-=-1.642645597457886f; 

  L45: f[0]+=f[1]; 

  L46: f[0]+=f[0]; 

  L47: f[0]/=f[1]; 

  L48: f[0]=sqrt(f[0]); 

  L49: f[0]+=R3t; 

  L50: f[0]-=R2t; 

  L51: f[0]/=-1.196667432785034f; 

  L52: f[0]*=pow(2,TRUNC(f[1])); 

  L53: f[0]=fabs(f[0]); 

  L54: f[0]+=R3t; 

  L55: f[0]-=R2t; 
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  L56: f[0]+=Qt-2; 

  L57: f[0]+=T1t; 

  L58: cflag=((_isnan(f[0]) || _isnan(f[1])) ? true : (f[0] < f[1])); 

  L59: f[0]/=f[1]; 

  L60: f[0]*=0.2174909114837647f; 

  L61: f[0]+=f[0]; 

  L62: f[0]+=f[1]; 

  L63: f[0]=fabs(f[0]); 

  L64: if (cflag) f[0] = f[1]; 

  L65: f[0]+=f[1]; 

  L66: f[0]-=1.987620830535889f; 

  L67: f[0]+=R3t; 

  L68: f[0]-=R2t; 

  L69: f[0]+=Qt; 

  L70: f[0]*=0.2174909114837647f; 

  L71: cflag=((_isnan(f[0]) || _isnan(f[1])) ? true : (f[0] < f[1])); 

  L72: f[1]*=f[0]; 

  L73: f[0]=-f[0]; 

  L74: f[0]=fabs(f[0]); 

  L75: f[1]+=f[0]; 

  L76: if (cflag) f[0] = f[1]; 

  L77: f[0]+=T2t; 

  L78: 

 

  return f[0]; 

} 

 

 

float DiscipulusCFunctionSubC1(float v[]) 
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{ 

  long double f[8]; 

  long double tmp = 0; 

  int cflag = 0; 

 

  f[0]=f[1]=f[2]=f[3]=f[4]=f[5]=f[6]=f[7]=0; 

 

  double Qt=v[0] ;  

  double Qt-1=v[1] ;  

  double Qt-2=v[2] ;  

  double R1t=v[3] ;  

  double R2t=v[4] ;  

  double R3t=v[5] ;  

  double T1t=v[6] ;  

  double T2t=v[7] ;  

  double T3t=v[8] ;  

 

  L0: f[0]-=f[0]; 

  L1: f[0]=sqrt(f[0]); 

  L2: f[0]*=1.530829906463623f; 

  L3: f[0]+=Qt; 

  L4: f[0]*=Qt-2; 

  L5: f[0]+=f[0]; 

  L6: cflag=((_isnan(f[0]) || _isnan(f[0])) ? true : (f[0] < f[0])); 

  L7: f[0]=cos(f[0]); 

  L8: cflag=((_isnan(f[0]) || _isnan(f[0])) ? true : (f[0] < f[0])); 

  L9: tmp=f[1]; f[1]=f[0]; f[0]=tmp; 

  L10: f[0]=-f[0]; 

  L11: if (cflag) f[0] = f[1]; 
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  L12: f[0]*=pow(2,TRUNC(f[1])); 

  L13: f[0]+=-1.427085638046265f; 

  L14: f[0]/=f[1]; 

  L15: cflag=((_isnan(f[0]) || _isnan(f[1])) ? true : (f[0] < f[1])); 

  L16: tmp=f[1]; f[1]=f[0]; f[0]=tmp; 

  L17: f[1]/=f[0]; 

  L18: f[0]+=f[0]; 

  L19: cflag=((_isnan(f[0]) || _isnan(f[1])) ? true : (f[0] < f[1])); 

  L20: f[0]+=f[1]; 

  L21: tmp=f[0]; f[0]=f[0]; f[0]=tmp; 

  L22: cflag=((_isnan(f[0]) || _isnan(f[1])) ? true : (f[0] < f[1])); 

  L23: if (!cflag) f[0] = f[0]; 

  L24: f[0]=-f[0]; 

  L25: if (cflag) f[0] = f[1]; 

  L26: f[0]*=f[1]; 

  L27: f[0]/=f[0]; 

  L28: cflag=((_isnan(f[0]) || _isnan(f[0])) ? true : (f[0] < f[0])); 

  L29: f[0]=cos(f[0]); 

  L30: cflag=((_isnan(f[0]) || _isnan(f[1])) ? true : (f[0] < f[1])); 

  L31: f[0]-=T3t; 

  L32: f[0]=sin(f[0]); 

  L33: f[1]+=f[0]; 

  L34: f[0]/=Qt-1; 

  L35: f[0]*=1.252994060516357f; 

  L36: f[0]+=f[0]; 

  L37: if (!cflag) f[0] = f[1]; 

  L38: cflag=((_isnan(f[0]) || _isnan(f[1])) ? true : (f[0] < f[1])); 

  L39: f[1]*=f[0]; 

  L40: if (!cflag) f[0] = f[0]; 
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  L41: if (!cflag) f[0] = f[0]; 

  L42: f[0]-=1.501374244689941f; 

  L43: f[1]/=f[0]; 

  L44: if (cflag) f[0] = f[0]; 

  L45: tmp=f[0]; f[0]=f[0]; f[0]=tmp; 

  L46: f[0]+=T3t; 

  L47: f[0]+=f[1]; 

  L48: f[0]=-f[0]; 

  L49: f[0]=-f[0]; 

  L50: if (cflag) f[0] = f[0]; 

  L51: f[0]+=f[0]; 

  L52: f[0]-=f[1]; 

  L53: f[0]+=f[1]; 

  L54: if (!cflag) f[0] = f[0]; 

  L55: if (!cflag) f[0] = f[0]; 

  L56: if (!cflag) f[0] = f[0]; 

  L57: f[0]-=-1.924433708190918f; 

  L58: f[0]*=Qt-2; 

  L59: f[1]*=f[0]; 

  L60: tmp=f[0]; f[0]=f[0]; f[0]=tmp; 

  L61: f[0]-=f[0]; 

  L62: tmp=f[0]; f[0]=f[0]; f[0]=tmp; 

  L63: f[1]+=f[0]; 

  L64: f[0]*=f[1]; 

  L65: tmp=f[0]; f[0]=f[0]; f[0]=tmp; 

  L66: cflag=((_isnan(f[0]) || _isnan(f[1])) ? true : (f[0] < f[1])); 

  L67: f[0]=cos(f[0]); 

  L68: f[0]+=f[0]; 

  L69: f[0]-=f[1]; 
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  L70: if (!cflag) f[0] = f[1]; 

  L71: f[0]*=Qt-2; 

  L72: f[1]/=f[0]; 

  L73: f[0]-=T2t; 

  L74: f[1]/=f[0]; 

  L75: f[0]-=f[0]; 

  L76: f[0]*=f[0]; 

  L77: f[0]+=T3t; 

  L78: f[0]+=1.987620830535889f; 

  L79: f[0]*=Qt-2; 

  L80: f[1]*=f[0]; 

  L81: f[0]=cos(f[0]); 

  L82: f[0]*=f[0]; 

  L83: f[0]+=f[1]; 

  L84: f[0]*=Qt-2; 

  L85: f[0]*=f[0]; 

  L86: f[0]=fabs(f[0]); 

  L87: if (!cflag) f[0] = f[0]; 

  L88: f[1]/=f[0]; 

  L89: f[0]=-f[0]; 

  L90: if (!cflag) f[0] = f[0]; 

  L91: f[0]+=f[1]; 

  L92: f[0]*=f[1]; 

  L93: f[0]+=R1t; 

  L94: if (!cflag) f[0] = f[1]; 

  L95: cflag=((_isnan(f[0]) || _isnan(f[1])) ? true : (f[0] < f[1])); 

  L96: f[0]+=f[0]; 

  L97: f[0]+=T3t; 

  L98: f[0]+=1.987620830535889f; 
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  L99: f[0]+=-1.196667432785034f; 

  L100: f[0]*=Qt-2; 

  L101: f[0]*=Qt-2; 

  L102: f[1]*=f[0]; 

  L103: f[0]=cos(f[0]); 

  L104: f[0]*=f[0]; 

  L105: f[0]-=f[1]; 

  L106: f[0]*=Qt-2; 

  L107: tmp=f[1]; f[1]=f[0]; f[0]=tmp; 

  L108: f[0]=sin(f[0]); 

  L109: f[0]-=-1.549970149993897f; 

  L110: f[0]=-f[0]; 

  L111: cflag=((_isnan(f[0]) || _isnan(f[1])) ? true : (f[0] < f[1])); 

  L112: f[0]*=f[0]; 

  L113: f[1]-=f[0]; 

  L114: f[0]+=f[0]; 

  L115: f[0]+=f[1]; 

  L116: if (cflag) f[0] = f[0]; 

  L117: tmp=f[0]; f[0]=f[0]; f[0]=tmp; 

  L118: if (cflag) f[0] = f[0]; 

  L119: f[1]-=f[0]; 

  L120: f[0]=fabs(f[0]); 

  L121: cflag=((_isnan(f[0]) || _isnan(f[0])) ? true : (f[0] < f[0])); 

  L122: f[1]-=f[0]; 

  L123: cflag=((_isnan(f[0]) || _isnan(f[1])) ? true : (f[0] < f[1])); 

  L124: f[0]+=-0.494312047958374f; 

  L125: f[0]/=1.048232078552246f; 

  L126: f[0]+=-0.9486191272735596f; 

  L127: f[1]/=f[0]; 
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  L128: f[0]/=1.084159851074219f; 

  L129: f[0]=fabs(f[0]); 

  L130: f[0]-=f[1]; 

  L131: f[0]-=-1.364777803421021f; 

  L132: f[0]=-f[0]; 

  L133: f[0]=-f[0]; 

  L134: f[0]+=1.530829906463623f; 

  L135: f[0]/=1.048232078552246f; 

  L136: f[0]=fabs(f[0]); 

  L137: f[0]-=f[1]; 

  L138: f[0]/=1.048232078552246f; 

  L139: f[0]-=-1.549970149993897f; 

  L140: f[0]-=-1.364777803421021f; 

  L141: f[0]-=f[1]; 

  L142: f[0]-=f[1]; 

  L143: f[0]=-f[0]; 

  L144: f[0]=-f[0]; 

  L145: f[0]-=-1.364777803421021f; 

  L146: 

 

  return f[0]; 

} 

 

 

float DiscipulusCFunction(float v[]) 

{ 

 float f[1]; 

 float fltTmp; 

 long lngValidPredictions; 
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 f[0]=0; 

 lngValidPredictions=0; 

 

 fltTmp=DiscipulusCFunctionSubC0(v); 

 if (_finite(fltTmp) && (fltTmp>=-10000.000000 && 

fltTmp<=10000.000000)) 

 { 

  f[0]+=fltTmp; 

  ++lngValidPredictions; 

 }; 

 fltTmp=DiscipulusCFunctionSubC1(v); 

 if (_finite(fltTmp) && (fltTmp>=-10000.000000 && 

fltTmp<=10000.000000)) 

 { 

  f[0]+=fltTmp; 

  ++lngValidPredictions; 

 }; 

 fltTmp=DiscipulusCFunctionSubC2(v); 

 if (_finite(fltTmp) && (fltTmp>=-10000.000000 && 

fltTmp<=10000.000000)) 

 { 

  f[0]+=fltTmp; 

  ++lngValidPredictions; 

 }; 

 fltTmp=DiscipulusCFunctionSubC3(v); 

 if (_finite(fltTmp) && (fltTmp>=-10000.000000 && 

fltTmp<=10000.000000)) 

 { 
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  f[0]+=fltTmp; 

  ++lngValidPredictions; 

 }; 

 fltTmp=DiscipulusCFunctionSubC4(v); 

 if (_finite(fltTmp) && (fltTmp>=-10000.000000 && 

fltTmp<=10000.000000)) 

 { 

  f[0]+=fltTmp; 

  ++lngValidPredictions; 

 }; 

 fltTmp=DiscipulusCFunctionSubC5(v); 

 if (_finite(fltTmp) && (fltTmp>=-10000.000000 && 

fltTmp<=10000.000000)) 

 { 

  f[0]+=fltTmp; 

  ++lngValidPredictions; 

 }; 

 fltTmp=DiscipulusCFunctionSubC6(v); 

 if (_finite(fltTmp) && (fltTmp>=-10000.000000 && 

fltTmp<=10000.000000)) 

 { 

  f[0]+=fltTmp; 

  ++lngValidPredictions; 

 }; 

 if (lngValidPredictions) 

 { 

  f[0]/=lngValidPredictions; 

 } 

 else 
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 { 

  f[0]=0.000000; 

 } 

 

  return f[0]; 

} 

float DiscipulusCRegressionFunction(float  v []) 

{ 

   float ret = DiscipulusCFunction(v) ; 

   return ret; 

} 

 

// Copyright, 2013, RML Technologies. 

// This program was evolved with Discipulus(tm). 

// This program and any information derived from this program 

// may be used solely for pure research purposes and publication 

// of results therefrom in accordance with the Discipulus 

// License agreement. This notice may not be removed from this 

// program or any copy thereof. 
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