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Data Mining for Management and Rehabilitation 

of Water Systems: The Evolutionary Polynomial 

Regression Approach 

Orazio Giustolisi, Dragan A. Savic, Daniele Laucelli 

 

Risk-based management and rehabilitation of water distribution systems requires 

that company asset data are collected and also that a methodology is available to 

efficiently extract information from data. The process of extracting useful infor-

mation from data is called knowledge discovery and at its core is data mining. 

This automated analysis of large or complex datasets is performed to determine 

significant patterns among data. There are many data mining technologies (Deci-

sion Tree, Rule Induction, Statistical analysis, Artificial Neural Networks, etc.), 

but not all are useful for every type of problem. This paper deals with a novel data 

mining methodology for pipe burst analysis, which integrates numerical and sym-

bolic regression. This new technique is named Evolutionary Polynomial Regres-

sion and uses polynomial structures whose exponents are selected by an evolu-

tionary search, thus providing symbolic expressions. 

A case study from UK is presented to illustrate the application of the Evolutionary 

Polynomial Regression methodology to prediction of main bursts and to identifi-

cation of the network features influencing them. 

Keywords: Water Distribution Systems, Bust Risk Analysis, Data Mining, Model-

ling, Evolutionary Polynomial Regression. 

1 Introduction 

Economic and social costs of pipe bursts are on the increase and there is a clear 

need to predict pipe failure rates for water supply systems. However, we have to 

accept that processes causing pipe bursts are often difficult to describe using 

classical mathematical tools. Furthermore, collecting all potentially useful in-

formation for a full physical description of such a phenomenon is very expen-

sive, because of the large (often unknown) domain of the problem. The use of 

classical statistical analysis to describe the influence of particular parameters is 

also a difficult task because of the complexity of the physical system. The most 

commonly identified parameters thought to have an influence on pipe bursts are 

the pipe age, material and diameter. Other parameters, such as soil corrosivity, 
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meteorological conditions, traffic loading, internal pressure and external stress 

may also be important, but are difficult to obtain. Considering aforementioned 

difficulties, water managers have to make long-term decisions about strategic 

investments into their assets and urgently need a robust and reliable tool to do 

assess the need for investment. 

With improvements in monitoring of water systems, data-driven techniques are 

becoming more interesting and useful. In particular, data mining is an obvious 

approach to investigate, as it can deal with a high degree of complexity within 

the given data, see Fayyad et al. (1996). Data mining is the search for valuable 

information in large data sets, trying to discover patterns in the data. Data min-

ing techniques can be used to classify data records and to allow for the creation 

of new hypotheses about the system behaviour. For example, Savic et al. (2003) 

used Classification Tree and Rule Induction algorithms as data mining strategies 

for water systems management purposes. 

This paper deals with a novel data mining methodology for prediction of failures 

in water mains and development of hypotheses for the possible causes of pipe 

bursts. This new technique is Evolutionary Polynomial Regression (EPR), which 

integrates numerical and symbolic regression. The EPR strategy provides sym-

bolic expressions that can be used and manipulated before, during and after the 

data mining process. Mainly, the selection of the desired parsimony level and 

the inclusion of known mathematical structure into the research strategy are 

some of the key features of EPR that are useful for data mining (Giustolisi and 

Savic, 2004). In this way, human expertise can still play a significant role in ana-

lysing the output expressions. These features could (i) play a relevant role in 

planning and design of monitoring networks, (ii) help to understand what the 

actual usefulness of each considered factors is and (iii) allow cost savings to be 

achieved. 

2 Data Mining 

2.1 Classification of modelling techniques 

In the context of this particular work, the final goal of data mining is to create a 

pipe bursts model to be used in water system management. The problem of 

building mathematical models of complex systems, such as waterworks, starting 

from observed data is usually called system identification. Colour coding of 

mathematical modelling is often used to classify models according to the levels 
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of prior information requirement, i.e. white box models, black-box models and 

grey-box models, (Giustolisi 2003). Therefore, it is useful to classify EPR ac-

cording to this classification (see Figure 1): 

� A white-box (WB) model is a system where all necessary information is 

available, i.e. the model is based on first principles (e.g. physical laws), known 

variables and known parameters. Because the variables and parameters have 

physical meaning, they also explain the underlying relationships of the system; 

� A black-box (BB) model is a system of which there is no prior informa-

tion available. These are data-driven or regressive models, whose both the func-

tional form of relationships between variables and the numerical parameters in 

those functions are not known and need to be estimated (e.g. Artificial Neural 

Networks);  

� Grey-box (GB) models are conceptual models whose mathematical struc-

ture could be known through conceptualisation of physical phenomena or 

through simplification of differential equations describing the phenomena under 

consideration. These models usually need parameter estimation by means of in-

put-output data analysis, but the range of parameter values is normally known 

(e.g. Dimensionally Aware Genetic Programming, Classification tree); 

In addition to being based on first principles, white-box models have the advan-

tage of being able to describe the underlying relationships of the process being 

modelled. However, the construction of white-box models can be difficult be-

cause the underlying mechanisms may not always be completely known, or be-

cause the experimental results obtained in the laboratory environment do not 

correspond well to the prototype environment. Due to these problems ap-

proaches based on data-driven techniques are gaining considerable interest. 
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Figure 1: Data-driven modelling techniques 

2.2 Some Data Mining Techniques 

Artificial Neural Networks (ANNs) are the best known of BB approaches to data 

mining, being able to discover a model that fits data, see Haykin (1999). They 

always require all numerical data, while non-numerical data need to be remap-

ped into numerical information. ANNs work very well when modelling complex 

processes, but they do not explain the underlying relationships of the system nor 

they allow easy understanding of the influence of each input variable on the out-

put results (because they are unable to produce symbolic representation of the 

relationships). 

Among GB techniques, the C5.0 algorithm, Quinlan (1993), has often been used 

to understand the main process and parameters involved in pipe bursts. Like 

many other data-mining tools, C5.0 performs at its best when there is a similar 

number of cases for each class created. Savic et al. (2003) created an additional 

post-processing tool needed to perform post data-mining rule optimisation, 

which allows the combination, alteration and visualisation of rules from a vari-

ety of sources. The tool allowed inclusion of rules added by a human expert or 

derived from different machine learning processes.  

2.3 A new approach: EPR 

EPR is a multipurpose tool, see Giustolisi and Savic (2004), with a high level of 

flexibility, which also allows interactive development of models (see Figure 2). 

A user is free to tune each rule of the search according to his/her needs and 
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available information. Therefore, EPR can be used to describe the relationships 

among data (i.e. when or which pipe will fail) and then to discover new knowl-

edge about the studied phenomenon (i.e. what factors influence pipe breaks). 

EPR produces simple symbolic expressions consisting of functions and constant 

values. According to his/her preferences and expertise, the user can select the 

level of parsimony and which functions are to be used in EPR. This is important 

because the result of applying the methodology could be a simple symbolic 

model with some physical insight that is easy to use by engineers. 

 

Figure 2: EPR tool user-friendly interface. 

2.3.1 Brief overview on EPR 

EPR is a data-driven hybrid tool, aimed at searching for polynomial structures. 

We can represent the general EPR expression as:  

(1) ( )∑ +=
=

m

j
j aafy

1
0,X  

where y is the estimated output of our system; aj is a constant value; f is a func-

tion constructed in the EPR process; X is the matrix of input variables; and m is 

the length, i.e. number of terms, of the polynomial expression (excluding bias, 
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a0), see Giustolisi and Savic (2004). The general functional substructure repre-

sented by f(X,aj) is constructed in EPR by means of a genetic algorithm. The 

algorithm simply selects the useful input vectors from X to be combined. The 

structure of f(X,aj) is set by the user, according to any physical insights. The pa-

rameters aj are computed by the least squares method, while the selection of fea-

sible structures is performed by an evolutionary search. 

In this way, starting from field data, clearly understandable expressions involv-

ing all the available parameters could be constructed. This also makes possible 

the identification of the most influencing factors in the data mining process (by 

analysing the values of polynomial exponents). In our case, EPR is able to iden-

tify those pipe features most influencing the burst life of a main.  

3 Main Factors for Water Pipe Failures 

Traditionally, many researchers and engineers have tried to find a clearly under-

standable relationship between the most commonly available pipe information 

and pipe burst rates. The age of water pipes undoubtedly plays an important role 

in determining the life of a main, see Herbert (1994). Nevertheless, age alone is 

not enough to fully describe the phenomenon. Kettler and Goulter (1985) re-

ported a strong correlation between age and an increase in burst rate of asbestos 

cement pipes. These findings indicate that material of water mains should also 

be considered. Throughout the UK, the most commonly used material is cast 

iron and a number of studies have investigated the failure rates of cast iron 

pipes. For example, Lackington and Burrows (1994) found bursts mainly occur-

ring in the region of heavily corroded walls and suggested a relining of pipes 

with cement mortar as a protection against internal corrosion. Results of Kettler 

and Goulter (1985) suggest that in particular joints of water mains deteriorate 

most quickly. It has been also suggested that pipe diameter plays a significant 

role in that smaller diameter mains are subject to a higher failure rate. Walski et 

al. (1986) reported that smaller diameter pipes were more likely to fail due to 

circumferential cracks and hole blowouts, indicating a lack of bending strength 

and a high level of corrosion. Therefore, based on technical literature, age, ma-

terial and diameter are the main parameters to be included in the analysis. 

Further parameters could be the number of pipes, supplied properties, main 

length, soil corrosivity, meteorological conditions, traffic loading, internal pres-

sure, external stress, etc. 
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4 Case Study 

In this paper, the EPR approach is used to predict pipe bursts, using recorded 

data from a UK water distribution system. The same dataset was analysed by 

Savic et al. (2003) by means of a classification approach. 

The available data are from one single company. Recorded bursts in the water 

system are from 1970 to 2000, at a pipe level. Pipe bursts development over 

time is shown in Figure 3, which, due to a confidentiality agreement, is given 

dimensionless. 
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Figure 3: Development of pipe bursts over the last 30 years 

 

Table 1 Available pipe features 

Features Values 

Materials AC, CI, ST, DI, SI, MDPE, HDPE, PVC, GRP, SOL  

Year laid From 1894 to 2000 

Diameters From 32 mm to 914 mm 

Lengths Total 6,207 km 

Supplied properties Total 555,036 
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Looking at Figure 3, it can be argued that data have been collected systemati-

cally during the last 15 years. In our analysis both data describing pipes with 

bursts and “no burst pipes” were used. It is particularly important to consider 

information from the entire network in order to get all the statistical correlations 

between those factors which cause pipe failures. For example, pipes with the 

same age and material should have the same statistical failure rate, but some of 

them had no burst recorded during the 15-year period of systematic data collec-

tion. For this reason, pipes with no receded bursts have to be included in statisti-

cal analysis. Table 1 gives a brief summary of the available information about 

the water system. The total number of pipes was 92,701 with the total length of 

about 6,200 km. 

4.1 Data pre-processing and input selection 

Information recorded for 92,701 pipes in the network related to pipe material, 

year when it was laid, pipe diameter, length, number of properties supplied by 

each pipe, district metering zone location, type of pipe, number of bursts, type of 

burst and failure date. 

In order to build the EPR model, the number of bursts, year the pipe was laid, 

diameter, pipe length and supplied properties were chosen as the most important 

variables. The information about material was neglected at this stage because it 

was assumed that a strong correlation exists among the diameter, age of pipe and 

the material. There are also difficulties in re-mapping the material information 

into a numerical format. Furthermore, some missing data about the year pipe 

was laid have been reconstructed on the basis of the correlation between age and 

material, therefore, the information on pipe material was implicitly used. For 

these pipes (less than 10% of all mains), missing information on age was esti-

mated as the average of those pipes in the same class of material and diameters. 

This procedure ensured that statistical properties of the whole set of data did not 

change significantly. In cases when pipe material was unknown, the average 

year the pipe was laid was deduced based on diameter. Finally, for all the pipes 

the supplied properties density was computed as a ratio between the number of 

supplied properties and pipe length. The “working age” of a pipe was computed 

as a difference between the last monitoring year (2001) and year its was laid. 

4.2 EPR inputs 

After pre-processing, the four inputs (diameter, length, working age and sup-

plied properties) and one target output (number of bursts) were available for all 

pipes. Before EPR was applied to the dataset, individual records were grouped 
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using the working age and the range of diameters as classification criteria. Each 

working age class was 5 years long, such that the pipes that were 1 to 5 years 

old, 6 to 10 years old, etc., belong to the same class. The working age of the ac-

tual class (‘Age’) was calculated as the average value. For each class the follow-

ing attributes were calculated: (1) the sum of pipe lengths (LT); (2) the sum of 

supplied properties (PR); (3) the number of pipes (NP); (4) the average of sup-

plied properties density (Den); and (5) the equivalent diameter. The equivalent 

diameter is defined as 

(2) 
LT

DL
Deq class ⋅∑=  

where D is the single pipe diameter and L is its length.  

The sum of bursts (BR) was assigned to each class and defined as a target output 

for EPR. Finally, EPR was applied to the aforementioned inputs (Age, LT, NP, 

Den, PR, Deq) to model the number of bursts for each class, having BR as the 

target (total bursts in 15 years). 

4.3 Results and comparisons 

A cost function used within EPR was aimed at penalising the complex structures 

by limiting the number of involved inputs, as in Giustolisi et al. (2004). At the 

end of the search phase, EPR selected 4 inputs (out of 6) as significant. The 

symbolic expression obtained is 

(3) 
11125104811.6 −−− ⋅⋅⋅⋅⋅= NPDeqLTAgeBR  

which has a Coefficient of Determination (CoD) = 0.92 and correctly describes 

the 95.7 % of all the recorded bursts. Considering Eq. (3) under a knowledge 

discovery point of view, one can say that the age and pipe length are propor-

tional to the number of pipe bursts. The opposite is true for the equivalent di-

ameter, i.e. smaller number failures is observed on larger diameter pipes, which 

agrees with findings of Walski et al. (1986). Moreover, in Eq. (3) we found that 

the average length of the pipes belonging to the same class is influent in deter-

mining the total bursts of the relative class, so increasing our knowledge about 

statistical correlations in our water system. 
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4.4 How to use the EPR model in water systems management 

Looking at Eq. (3) a decision-maker can easily get reliable information about 

how many failures there will likely be in the water network during a particular 

time period. For example, if a user needs to know how many failures will likely 

happen in the next three years in order to develop an asset management strategy, 

he/she will use Eq. (3) to compute BR. The number of bursts in the next three 

years could be estimated as the difference between the recorded bursts in 2000 

and predicted number of bursts in 2003.  

5 Conclusions 

An application of the new data mining technique for pipe bursts prediction is 

described in this paper. This new technique, called Evolutionary Polynomial 

Regression (EPR), provides symbolic expressions as a result of data analysis. 

The prediction model was developed and tested on a real-world case. The tech-

nique is also used to investigate the causal effects/factors, starting with the most 

commonly available, such as pipes age; pipe length, number of properties sup-

plied and pipe diameter. 

Data mining by EPR produced good, simple and understandable relation-

ships/models that provide the high level of statistical correlation between the 

variables. The model obtained indicates that the age and pipe lengths are directly 

proportional to pipe bursts, while the pipe diameter is inversely proportional to 

the propensity of pipes to fail. These results confirm the same physical insights 

obtained in similar studies of different pipe networks, Kettler and Goulter 

(1985); Walski et al. (1986); Lackington and Burrows (1994) and Savic et al. 

(2003).  

From an engineering point of view, EPR appears to be a reliable prediction tool, 

being able to support long-term strategy decisions for asset management for wa-

ter companies. However, similar to the other data-driven techniques, its useful-

ness will depend on the diversity and quality of the input data. This is where 

EPR can help identify which important information is needed and what pipe 

burst factors have to be properly collected. 
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