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1 Introduction 

1.1 Background 

1.1.1 The history of urban water infrastructure 

Early forms of water supply and drainage systems date back thousands of years 
ago. Civilisations in the Indus valley 2500 BC had latrines and ancient Greeks on 
the island of Crete knew how to build drainage systems as early as 1600 BC. Well-
known water systems are also the ones from Ancient Rome, where the great Aq-
ueduct supplied water and the Cloaca Maxima served for city drainage. However, 
it is only for some two centuries that the urban water infrastructure has developed 
to the form it is today (Read, 2004).  

Urbanisation and industrialization that started in the 19th century led to people 
being concentrated in cities. The early cities suffered from poor hygiene and the 
spreading of severe diseases such as cholera. It was first when the connection be-
tween hygiene and diseases was discovered that constructing of modern water and 
wastewater networks started (Read, 2004). Some of this infrastructure dating 
back to the 19th century is still in use, for example Victorian sewers and water 
pipes in Britain (Mann, 2016). Today, majority of people in Europe, similar to 
many other parts of the word, is connected to water and wastewater networks 
(EurEau, 2017).  Due to their importance for the modern society, these systems 
form a part of the society’s critical infrastructure.  

1.1.2 Water and wastewater networks in Finland 

Today, ca. 92% of Finnish population is connected to centralized drinking water 
supply and ca. 82% to centralized wastewater treatment. The country has more 
than 1,400 water and wastewater utilities, of which 20 largest utilities provide 
services to approximately 80% of all customers (Water Association Finland, 
2018). Thus, majority of utilities in Finland are small- to medium-sized. The sit-
uation is similar in many other European countries and in the US, where the ma-
jority of utilities serve smaller communities (EPA, 2008).  In spite of the largest 
utilities carrying the key responsibility for serving customers in Finland, the 
smaller utilities manage the majority of the total network length in the country 
(Berninger et al., 2018).  

Typically, the same utility manages and operates both the water and the 
wastewater networks. Finland is a sparsely populated country and compared to 
many other European countries has a high average water distribution network 
length per person, ca. 20 m per connected person and a relatively high sewer 
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length, approximately 11 m per connected person (EurEau, 2017). The earliest 
parts of the urban water infrastructure in Finland were built in the 19th century 
but most of the networks in use today date from the 1970s or after. As a result, 
large-scale network renovations are just starting to become commonplace at all 
utilities; the oldest parts of the networks have already been renovated, but con-
tinuous renovation resulting from the construction boom in the 70s and after has 
not yet begun. The networks’ need for renewal is a similar concern elsewhere in 
Europe and North America, where substantial proportions of the pipelines are 
reaching the end of their useful life (Duchesne et al., 2014). 

1.2 Literature review 

1.2.1 The link between asset management and risk management 

The estimated value of the municipal water and wastewater networks in Finland 
is approximately 6.5 billion euros (RIL, 2019). Water and wastewater networks 
have a number of special features that differentiate them from other assets, even 
infrastructure assets. Even a relatively small utility may have hundreds of kilome-
tres of networks with all their components to manage. The networks are spread 
over a wide geographical area and are largely out of sight. This complicates as-
sessing their condition, estimating the consequences of possible failures and hav-
ing a realistic picture of the status of the system, that is to say, makes it more 
difficult to manage the assets and the risks related to them. To ensure the optimal 
operation and functioning of the networks, systematic asset management proce-
dures are needed. 

Various definitions exist for asset management. The ISO 55 000 standard (ISO 
55000, 2014) defines asset management as a ‘coordinated activity of an organiza-
tion to realize value from assets’. This very general definition applies to all kinds 
of assets be it then, for example, buildings, electronic devices or infrastructure. It 
conveys the information that managing assets requires various kinds of activities 
and that the aim is to benefit from the assets in a cost-efficient manner. A more 
detailed definition on water and wastewater infrastructure is given by Alegre and 
Coelho (2012), who phrase infrastructure asset management in the context of ur-
ban water infrastructure as ‘the set of processes that utilities need to have in place 
in order to ensure that infrastructure performance corresponds to service targets 
over time, that risks are adequately managed, and that the corresponding costs, 
in a lifetime cost perspective, are as low as possible’. This definition brings out the 
components that asset management is linked with: processes and practices 
needed, asset performance, service levels, costs and risks that are supposed to be 
addressed with the asset management procedures.   

The ultimate goal of asset management can be seen as the minimisation or re-
moval of risks that relate to the assets – in other words, asset management aims 
at managing risks.  In engineering, risk is typically defined as a product of failure 
likelihood and failure consequence. As a result,  implementing a risk-informed 
asset management system requires information on the likelihood and conse-
quences of component failures or, more specifically,  the current asset condition, 
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the rate at which it worsens, the expected failure consequences and the tolerance  
for risks (Kleiner et al., 2006). Estimation of these form an integral part of pre-
emptive asset management, where the focus is on failure prevention and not only 
on fixing failures as they occur. 

1.2.2 Data-driven asset management 

The tradition of network asset management has been based upon, of necessity, a 
reactive strategy with little to no data analysis applied to support decision making. 
In the age before information technology, infrastructure managers and operators 
had little support from data to asset management, but decisions had to be made 
based on practical experience. Against this background it is not surprising that 
even today, asset management decisions are sometimes made solely based on ex-
pert judgement. However, research conducted within the past two decades has 
shown that analysis of existing and emerging data sets can provide relevant sup-
port for asset management decisions.  

The term ‘data-driven’ refers to activity, where the impetus is in data rather than 
in intuition or personal experience. Previously, the concept “data-driven” has 
been applied in the field of urban water in the context of data-driven modelling 
(see, for example, Savic et al., 2006; Tabesh et al., 2009). The concept “data-cen-
tered” has sometimes been applied related to network asset management (Grigg, 
2012) instead of “data-driven”. However, as the latter captures better the nature 
of decisions being based on data and their analysis, it has been selected to describe 
the focus of this dissertation.  

In order to practice data-driven asset management, one needs data. Today, util-
ities receive data from various sources, both through their own information sys-
tems and from outside data producers.  For the past two decades, scientific liter-
ature has demonstrated how data from various sources can be used to support the 
operation, management, and control of water and wastewater networks. How-
ever, the extent to which utilities actually utilize data sets efficiently, is unclear. 
In particular, small and medium sized utilities have been claimed to often suffer 
from lack of skilled personnel and to have difficulties with collecting the data re-
quired  (Haider et al., 2014). Furthermore, the network infrastructure in use today 
has often been built decades, sometimes even more than a century ago. Because 
of the long history of the assets, the data regarding them is often incomplete or 
even missing. According to Grigg (2012), the smallest utilities may still have only 
paper records on their assets and in Finland, it is only since 2016 that utilities 
have been required to have their network data sets in digital format (FINLEX, 
2014). The data format is a true challenge, since it largely dictates the possibilities 
of utilizing the data – only digital formats enable further processing and analysis. 

1.2.3 State-of-the-art in water and wastewater network control and 
management 

Smart online water meters and continuous water quality monitoring devices are 
examples of new information sources in the water sector that offer new possibili-
ties to network control and management. Data received from them can be used to 



Introduction 

4 

develop network real-time control, water safety planning and preventive mainte-
nance.  

Table 1 presents examples on how data have been utilized to improve control 
and management of water distribution systems. 

 
Table 1. Examples of state-of-the-art cases of data utilization in the context of water 
distribution systems. 

Topic Reference 

Water demand estimation Aksela and Aksela (2011); Gurung et al. (2014)  

Post-meter leak detection Britton et al. (2013) 

Categorization of household wa-
ter consumption events Nguyen et al. (2013) 

Water safety planning through 
quality monitoring Thompson and Kadiyala (2014) 

Operational event recognition  Romano et al. (2014); Vries et al. (2016) 

Pipe bursts and leakages  Romano et al. (2014) ); Vries et al. (2016) 

Modelling and optimization of 
water supply  

Boulos et al. (2014); Gurung et al. (2014); Hutton et 
al. (2014); Sunela and Puust (2015) 

 
The cases presented in Table 1 are advanced due to either the way they incorporate 
new sources of data or the way they combine and analyse existing data. New 
sources of data are, for example, water quality meters (Thompson and Kadiyala, 
2014) and online water consumption meters (Aksela and Aksela, 2011; Britton et 
al., 2013; Gurung et al., 2014), which have been applied to water safety planning, 
estimation of water demand and post-meter leak detection. Data has been utilized 
to the modelling and optimization of water supply (Boulos et al., 2014; Gurung et 
al., 2014; Hutton et al., 2014; Sunela and Puust, 2015) , to the detection of unusual 
operational events such as unauthorized or unexpected water use, sensor mal-
functions, pipe bursts and leaks  (Romano et al., 2014; Vries et al., 2016) and to 
the recognition of household water consumption events (Nguyen et al., 2013). 
Combining data from different sources has provided new opportunities, for ex-
ample, in preventive maintenance (Fraser, 2014).  

In the field of wastewater systems, new information sources and advanced 
methods of data utilization have been studied as well (Campisano et al., 2013; 
García et al., 2015), although the literature seems to be much more limited than 
in the field of water distribution networks. According to Lund et al. (2018), prac-
tical applications of real time control of wastewater systems are still rare. The im-
plementations typically cover only local rule-based control loops without system 
level optimization or control applications.  

The state-of-the-art solutions offer a multitude of advanced alternatives to net-
work control and management. However, the extent to which Finnish utilities ap-
ply the solutions or developed methods in asset management is largely unknown. 
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1.2.4 Estimation of pipe failure consequences 

Water and wastewater networks differ from one another in their structure, func-
tioning and the material conveyed; the first one is a pressurized system where 
pipes form a mesh structure with a multitude of interconnections, whereas the 
latter one is typically a gravitational system that constitutes a tree-like structure 
with pipes leading to the wastewater treatment plant at the tree root. The water 
inside supply pipes is pressurised and may therefore cause serious damage to the 
surrounding structures, but it is clean as opposed to wastewater, which contains 
pathogens and pollutants.  Additionally, there are many different types of pipe 
failures for both networks, which causes the spectrum of possible consequences 
to be even wider.  

The Sewerage Rehabilitation Manual (WRc, 2001) is a handbook for estimating 
the consequences of wastewater network failures. It gives instructions on identi-
fying critical pipes, which the book defines as pipes with severe failure conse-
quences. It suggests classification of sewer pipes into critical and noncritical and 
recommends that proactive maintenance be focused on critical pipes. It seems 
that no similar manual exists regarding water supply systems. However, research 
articles have been published on the failure consequence estimation regarding 
both networks. 

The literature on consequence assessment presents to varying degree those ex-
planatory factors that have been considered and the way they have been incorpo-
rated into the analyses. Salman and Salem (2012) considered altogether 15 fac-
tors. Many of them were related to the pipe location, such as presence of a road or 
a railway over the pipe, location in a business or a recreational area, proximity to 
a building, river or stream, or the pipe serving a special type of building. In addi-
tion, they considered pipe type, pipe size and installation depth. Baah et al. (2015) 
also considered roads, railways, distance to buildings, pipe size and depth. In ad-
dition, they analysed, for example, pipes’ proximity to hospitals, schools and 
parks. The analysis by Berardi et al. (2009) considered several factors, for exam-
ple, pipe features, distance to buildings and watercourses and vegetation, but the 
way these factors were considered is not presented in detail. Syachrani et al. 
(2013) estimated sewer failure consequences based on land use type and pipe size, 
where land use was represented, for example, by the types of buildings in the area 
and the types of activities the buildings serve. Möderl et al. (2009) applied hydro-
dynamic modelling to assess how each sewer pipe failing would affect network 
flooding and overflows. They compared the consequences in terms of pollutant 
load, flooding volumes and combined sewer overflow volumes. 

Sometimes motivation for the assessment has been to cover different types of 
consequences. For example, Piratla et al. (2015) estimated the consequences of 
large diameter water main breaks considering six categories: 1) lost product, 2) 
repair and return to service, 3) travel delay, 4) supply outage and substitution, 5) 
health risk and 6) property damage. Kleiner et al. (2006) assessed the conse-
quences in terms of costs. Direct costs covered, for example, the cost of emergency 
repair, indirect costs the accelerated deterioration of the damaged assets, and so-
cial costs the loss of time. 
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Many of the reported studies deal with ranking or prioritizing pipes (for exam-
ple Berardi et al., 2009; Kleiner et al., 2006; Piratla and Ariaratnam, 2011; Ward 

. Some studies have chosen to apply different weights to different 
consequences based on expert judgement or to define the overall impact based on 
severity scores. A common practice is also commensuration of all consequences 
in monetary terms which, in practice, also requires some kind of weighing or scor-
ing. Salman and Salem (2012) and Baah et al. (2015) combined the impact of var-
ious failure consequences as a weighted sum as a so-called Consequences of Fail-
ure measure.  Piratla et al. (2015) developed a Consequences of Water Main Break 
Model which entails six different cost categories.  devel-
oped a method for sewer prioritization that follows the principles presented in the 
Sewerage Rehabilitation Manual (WRc, 2001). Also Berardi et al. (2009) focused 
on prioritising pipes for inspections based on a comparison of direct and indirect 
costs of inspection compared to blockages and collapses.  

The analysis methods for consequence assessment presented in the literature 
cover hydraulic and hydrodynamic modelling, spatial analysis and graph anal-
yses. For water supply systems, hydraulic modelling is a frequently applied 
method in consequence assessment. It allows, for example, the estimation of in-
sufficient flow and pressure levels (Berardi et al., 2014; Möderl and Rauch, 2011). 
Also, for example, firefighting capability can be studied. Application of graph the-
ory has been less common, but for example Diao et al. (2014) identified critical 
pipes in the network as those with topologically strongest external connections. 
In some cases, the literature does not reveal, which analysis methods or data sets 
were used in the analyses (for example Fares and Zayed, 2010). The procedures 
applied are seldom described in detail and the way the utility is thought to update 
the analysis results is not described in detail. Piratla et al. (2015) make an excep-
tion in mentioning that their analysis was realized as an Excel sheet where the 
user enters the needed data. 

Altogether, the literature on pipe failure consequences is not as extensive as one 
might expect assuming that the majority of water and wastewater utilities assess 
risks related to their networks. Most likely many utilities assess failure conse-
quences and prioritize network components based on a risk assessment, but do 
not report the results. As a result, the criteria applied and the way they are con-
sidered and combined remains unclear. 

1.2.5 Modelling of sewer condition 

Mathematical modelling of pipe condition is useful from the perspective of risk 
management, since condition reflects the likelihood side in risk. The goals of 
mathematical condition modelling cover model creation for condition prediction 
purposes and understanding how different explanatory factors affect condition. 
Information on the condition distribution of pipes in the network supports un-
derstanding of the resources and activities the assets require. Models attempt to 
capture the connection between the pipe condition and the explanatory variables. 
Models can be applied for finding pipes in the network that have a similar set of 
explanatory variables to those pipes that have been observed to be in poor condi-
tion.  
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Typically, sewer condition is modelled based on closed-circuit television (CCTV) 
inspection results, which describe defect types discovered in a pipe together with 
a score assessing the severity of the defect. Different inspection reporting prac-
tices exist in different countries, but typically the defects are scored using a clas-
sification from 1 to 5, 0 to 5 or 0 to 4. In research models, some of these classes 
may be merged and pipe condition can be described with a binary variable or three 
condition classes. 

Within the past two decades, considerable advances have been made in research 
on modelling sewer condition. Both statistical and machine learning methods 
have been applied. Table 2 provides an overview of the methods presented in the 
literature. 

 
Table 2. Sewer condition modelling methods applied in the literature. 

Method Dependent variable Source 

Binary logistic regression 
Binary, worst two condition 
classes combined (out of 5 
or 6) 

Salman and Salem (2012b); 
Ariaratnam et al. (2001); 
Ana et al. (2009); Fuchs-
Hanusch et al. (2015); 
Sousa et al. (2014)  

Multinomial logistic regres-
sion Condition classes 1 to 3 Salman and Salem (2012b) 

Ordinal regression Condition classes 1 to 3 Salman and Salem (2012b) 

Multiple regression Condition classes 1 to 5 Chughtai and Zayed (2008) 

Evolutionary polynomial re-
gression Blockages and collapses Savic et al. (2009); Savic et 

al. (2006) 

Neural networks 

Condition classes 1 to 5 Khan et al. (2010) 

Condition classes 1 to 3; Sousa et al. (2014) 

Binary, worst two condition 
classes combined (out of 
five) 

Tran et al. (2006) 

Support vector machines 

Binary, worst two condition 
classes combined (out of 
five) 

Sousa et al. (2014) 

Condition classes 1 to 5 Mashford et al. (2011) 

Condition classes 1 to 5 Harvey and McBean 
(2014a) 

Decision trees  

Condition classes 1 to 5 Syachrani et al. (2013b) 

Binary, worst two condition 
classes combined (out of 
five) 

Harvey and McBean 
(2014a) 

Random forests 
Binary, worst two condition  
classes combined (out of  
five) 

Harvey and McBean 
(2014b) 
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Table 2 shows how different forms of regression have been applied ranging from 
binary logistic, ordinal, multinomial and multiple regression to evolutionary pol-
ynomial regression. The statistical methods have the benefit that they are estab-
lished methods and automatically provide the information on the effect of explan-
atory factors. More recently, also artificial intelligence (i.e. machine learning) has 
been applied, the methods ranging from neural networks and support vector ma-
chines to decision trees and random forests. Most commonly pipe condition has 
been modelled either using the condition scale in the original data or as a binary 
variable, where the worst two condition classes have been combined to represent 
pipes in poor condition. 

The effect of a large variety of explanatory factors has been studied in different 
reported research (see, for example, Ana et al. (2009); Davies et al. (2001) for an 
overview). However, no clear set of explanatory variables seems to exist 
(Scheidegger et al., 2011). The number and type of explanatory factors reported 
in the literature varies greatly from one study to another. Commonly, pipe age is 
considered an important variable and was included in almost all the research re-
viewed. The variables covered in the literature include variables related to pipe 
features, such as length, depth, installation year, diameter, material and environ-
mental factors such as soil type, vicinity to trees and location under a road.  

The higher the predictive power of a model is, the more efficiently it supports 
asset management decisions. The reported model performance presented in the 
literature varies greatly from one study to another. The multinomial regression in 
Salman and Salem (2012b) correctly predicted the condition rating for 53% of the 
pipes, while for the support vector machine (SVM) model in Mashford et al. (2011) 
the share was 91%. The rest of the reported fits varied between these two. There 
were some differences between the specifics of the models, for example, some 
modelled stormwater pipe condition (Tran et al., 2006) while others addressed 
the condition of sanitary sewers (Sousa et al., 2014).  

The comparison of different methods has provided contradictory results on 
which method should be preferred. In a study by Salman and Salem (2012b), bi-
nary logistic regression outperforms the multinomial regression in condition 
modelling. Sousa et al. (2014) compared the performance of artificial neural net-
works (ANNs) and SVMs and logistic regression. In their study, ANNs provided 
the highest classification performance outperforming multinomial logistic regres-
sion and SVMs. Syachrani et al. (2013) found that decision trees outperformed 
the regression and neural networks in condition prediction.  Decision trees also 
outperformed SVMs in a study by Harvey and McBean (2014a). Later the same 
authors also applied random forests (Harvey and McBean, 2014b) and obtained 
good results.  

1.2.6 Modelling of sewer deterioration in the future 

Survival analysis, also called time-to-event analysis, covers a group of statistical 
techniques that focus on estimating the time until an event of interest occurs. The 
event of interest depends on the field of science; survival analysis can be applied 
in, for example, predicting the lifetime of a biological organism, the time it takes 
for an electronic component to fail or a sewer to reach the end of its useful life. 
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The useful life represents the time between installation and the point where a pipe 
no longer fulfils its task and provides an understanding of the mid- and long term 
resources needed for the network.  

Survival models differ from condition models in the modelling paradigm; the life 
span models aim to predict how the condition of the network evolves over time and 
how long it will take until an event of interest occurs (Mills, 2011). The main differ-
ence of condition models and survival models is in the way they incorporate censor-
ing. The recommendation by Mills (2011) is that whenever the data set to be ana-
lysed contains censored observations (as in the case of CCTV inspections), survival 
methods should be seriously considered. Little and Rubin (2019) note that right 
censoring needs to be accounted for to avoid false conclusions. Survival modelling 
methods can be divided into parametric, semi-parametric and non-parametric 
methods. The parametric methods assume a probability distribution for the survival 
times, for example, the Weibull, Gompertz or exponential distributions. In the semi-
parametric methods, a part of the model is estimated non-parametrically, but partly 
the estimated time follows a probability distribution. For example, in the Cox pro-
portional hazards model, the hazard function is estimated non-parametrically, 
while the effect of explanatory variables is considered parametric. Non-parametric 
methods include, for example, the Kaplan-Meier method and life-table estimates. 
Machine learning methods, which do not assume any probability distribution for 
life duration, can be considered an additional group. 

The evolution of sewer condition in time has been addressed in many studies 
since the early 2000s. Markov chain based models form a special case in sewer 
deterioration modelling, since they can incorporate several condition states and 
model the transitions between them. The Markov chain has been applied in the 
majority of cases, but also other methods have been tested. Table 3 presents an 
overview of the methods applied in time-to-event type of condition modelling of 
sewers.  
 
Table 3. Methods applied in sewer deterioration modelling. 

Method References 

Homogeneous Markov chain 

Wirahadikusumah et al. (2001); Micevski et 
al. (2002); Baik et al. (2006); Dirksen and 
Clemens, (2008); Dirksen and Clemens 
(2008) 

Non-homogeneous Markov chain 
Le Gat (2008); Rokstad et al. (2014); Rok-
stad and Ugarelli (2015); Caradot et al. 
(2017) 

Semi-Markov chain Scheidegger et al. (2011); Scheidegger 
and Maurer (2012) 

Cohort model Baur and Herz (2002); Scheidegger and 
Maurer (2012) 

Weibull survival Mailhot et al. (2000); Duchesne et al. 
(2013); Duchesne et al. (2014) 

Cox proportional hazards model El-Housni et al. (2018) 
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The earliest studies applied the homogeneous Markov chains (Micevski et al., 
2002; Wirahadikusumah et al., 2001) or the cohort model (Baur and Herz, 2002). 
In the homogeneous Markov chain, the current status is “memoryless” and the 
likelihood for transition remains the same over time and does not consider the 
previous state (Ross, 2007). Later, also non-homogeneous Markov chains (Ca-
radot et al., 2017; Le Gat, 2008; Rokstad et al., 2014; Rokstad and Ugarelli, 2015) 
and semi-Markov chains (Scheidegger et al., 2011; Scheidegger and Maurer, 2012) 
have been applied. The non-homogeneous Markov model allows the transition 
probability to change over time and the semi-Markov model accounts for the time 
spent in the current state (Ross, 2007). Some modelling has also been carried out 
using other methods such as the Weibull survival model (Duchesne et al., 2014, 
2013; Mailhot et al., 2000) and the Cox proportional hazards model (El-Housni 
et al., 2018).  

The modelling methods differ in the way they address the probability of moving 
from one condition state to another. Additionally, different studies consider dif-
ferently the effect of left truncation and right and left censoring. Left truncation 
is often present in network condition data sets in case the renovations have started 
prior to the start of the data collection. Left censoring refers to a phenomenon 
where an observation is made without knowing the time it started and right cen-
soring appears, when a specific observation cannot be made, because it has not 
yet appeared (Hosmer et al., 2008). For example, only Duchesne et al. (2013) con-
sider the effect of left censoring in the model. Right censoring is automatically 
considered in survival models and the Cox proportional hazards model. Left cen-
soring has so far only been considered in Duchesne et al. (2013) and Duchesne et 
al. (2014). The impact of missing historical records has been assessed in Egger et 
al. (2013).  

The deficiencies of the existing analyses relate mainly to model validation and 
the consideration of the applicability of the existing data sets to life span model-
ling. The validation of the models and the estimation of the effect of the input data 
have only been carried out in some studies and, for example, Scheidegger et al. 
(2011) note that ‘A major weakness of all these models is the availability of ap-
propriate data for parameter estimation. In practice, this data can have sub-
stantial limitations and deviate substantially from a perfect data set needed for 
calibration. ‘  

1.3 Research gap, objectives and scope 

The objective of this research was to discover, how Finnish utilities could benefit 
from data for network asset management purposes, especially in the context of 
network condition inspections and renovations. The extent to which Finnish wa-
ter and wastewater utilities make use of data for asset management is largely un-
clear. Practical experience indicates that data utilization in assessing failure like-
lihood, consequences and network life span prediction could highly be improved.  

The literature on estimating failure consequences at pipe level is limited both in 
terms of presenting the principles applied and the resulting network lengths in 
different categories. The importance of explanatory factors and how they affect 
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pipe condition is poorly understood. Additionally, there is little experience in ap-
plying machine learning methods to modelling sewer condition and sewer net-
work life span. A typical network inspection data set is biased towards poor con-
dition. The suitability of such data for modelling network life span has not been 
studied. 

This dissertation aims to provide answers to the following questions: 
A) What is the status of data utilization at Finnish water and wastewater utili-

ties compared to the state-of-the-art data exploitation?  (Article I) 
B) To what extent do existing data sets allow the estimation of failure conse-

quences at pipe level? (Article II) 
C) How does logistic regression, a well-established statistical model, compare 

to random forests, a machine learning method, in predicting sewer condi-
tion? Which factors explain pipe condition and how? (Article III) 

D) How does Weibull survival, a well-established statistical model, compare to 
random survival forest, a machine learning method, in modelling the useful 
life of a sewer network? (Article IV) 

E) How well does a typical condition inspection data set support survival mod-
elling? (Article IV) 

 
Figure 1 presents an overview of the scope of the dissertation and how the differ-
ent themes are interconnected. 
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Figure 1. The scope of the dissertation. 

 

Figure 1 illustrates, how the network and environmental data sets form the basis 
for the dissertation. The analysis starts with an overview of the current situation 
concerning data utilization in Finland (Article I), where the current status re-
vealed by a survey is compared to the state-of-the-art methods based on a litera-
ture review. The potential in exploiting existing data sets currently available in 
Finland is explored in three different ways: failure consequences are estimated for 
water and wastewater networks at pipe level (Article II); sewer condition is esti-
mated and the connection between condition and explanatory variables is studied 
(Article III); and finally sewer network life span is estimated (Article IV). 
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The rest of this dissertation is organized as follows: First, the research material 
and the applied analysis methods are presented in Material and methods. The re-
sults and answers to the research questions are given in the Results section and 
their relevance and meaning is elaborated in Discussion. Finally, the main out-
comes are presented in Conclusions. 
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2 Material and Methods 

2.1 Survey to utilities 

Use of existing information systems and data sets in the Finnish water sector (Ar-
ticle I) was studied with a questionnaire sent to 314 water professionals at 150 
Finnish water and wastewater utilities. Altogether 113 responses were received. 
The questionnaire consisted of 24 questions mainly concerning data utilization 
and the related information systems. Six of the questions were open, others in-
cluded alternatives the respondent could choose from. Open data and open sys-
tem interfaces were a special focus in the questionnaire. More specifically, the 
questions covered the following topics: 
1. Background information on the respondent: Gender, age and job description. 
2. The utility’s information systems: Do the current information systems sup-

port open interfaces, how expensive would it be to include them, to what ex-
tent do the current contracts on the systems cover the option of open data 
and new open interfaces. Would training and mentoring on the contracts on 
the information systems and consulting be useful? 

3. The use of external information systems: To which extent does the utility use 
the national information collection system VELVET (in use at the time of the 
study)?  To which extent does the respondent know about the preparation of 
the new national information collection system VEETI?  

4. Benchmarking: Whether or not the utility is involved in the benchmarking 
system of the Finnish Water Utilities Association (FIWA) and to what extent 
the utility uses the system in practice. The respondent could also specify how 
the utility uses the benchmarking system and assess the usefulness of eight 
different benchmarking criteria. 

5. Open data: What kind of user rights should be given to different user groups 
of data related to water industry? Which important services and applications 
could be developed based on such data? Does the respondent see that open 
data and internet -based solutions could encourage and motivate inhabitants 
to inform the utility of interruptions such as pipe breaks? The respondent was 
also asked to assess the potential open data and openness could have in in-
creasing the water utilities’ investments in the municipal decision-making. 

6. Novel solutions and future trends: What kind of new solutions would the re-
spondent see the utility could start adopting in the upcoming years? What 
kind of analysis or consulting services would support the respondent’s own 
work tasks? What does the respondent see as five of the most important fac-
tors changing the field of industry? 
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7. Smart water: Is the respondent familiar with the term? What does the term 
cover, to the respondent’s understanding? 

8. Customer satisfaction: Does the utility measure customer satisfaction regu-
larly? 

In addition, the respondent was provided an opportunity to give open feedback. 
Figure 2 gives an overview of the number of answers received to each question. 
 

 
Figure 2. Number of answers received to each question in the survey on data utiliza-
tion. 
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The complete set of questions and the alternatives for answers are listed in Ap-
pendix I. Figure 2 illustrates, how half of the questions were answered by all or 
almost all respondents. The rest of the questions were either open questions or 
questions only applicable to those respondents using the national information 
and benchmarking system. 

2.2 Consequence assessment 

2.2.1 The network and environmental data sets 

The failure consequences (Article II) were estimated for the water and wastewater 
networks of a large Finnish utility. The total extent of the water supply network is 
ca. 3,200 km and the total length of sewers is ca. 2,800 km sewers. The majority 
of the wastewater network is foul sewers.  The consequences were estimated at a 
pipe level. A pipe refers to a sewer between two adjacent manholes or a water line 
between two adjacent junctions. Table 4 lists the information considered in esti-
mating failure consequences for either one or both of the networks. 

 
Table 4. Information applied in failure consequence assessment. 

Both networks 

Network mains 

Location under road  

Location under railway 

Location under or near buildings 

Location close to main gas lines 

Water distribution network only 

Pipe serves a critical water consumer 

Pipe closure not recommended 

Pipe close to subway entrance 

Sewer network only 

Pipe type (gravitational/pressure) 

Tunnels 

Main pumping stations with no double piping 

Location close to raw water resources 

Location close to water bodies 

Location within groundwater areas 

Location close to protected ditches and brooks 

Location close to swimming beaches 

Location within nature conservation areas 
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The information shown in Table 4 was a result of an assessment on which data 
sets were available for the analysis at the time of the study.  The material available 
covered information on the network assets and their attributes and various kinds 
of environmental data. The data sets were derived from various sources. The util-
ity was the main source with network-related data sets and additionally, some 
data were received, for example, from the municipalities. Openly available data 
sets covered data on water bodies, protected ditches and brooks, groundwater ar-
eas and nature conservation areas. The data were available for the whole network 
except for the reports on the effects of pipe closure, which existed only for some 
of the water distribution network pipes. Some of the data sets required pre-pro-
cessing. The pre-processing consisted of, for example, buffering the roads, which 
were represented with lines with no width. 

2.2.2 Determination on the classification principles 

The consequence assessment was carried out by a group of experts consisting of 
utility professionals and university researchers. The aim was to assess the conse-
quences of failure of each of the utility’s pipes both in the water distribution sys-
tem and in the sewer system. Consequences both to water users and to the sur-
rounding built, human and natural environment were considered. The goal was 
to make the assessment as complete as possible and therefore, the starting point 
was to collect all data that could potentially aid in assessing failure consequences.   

The data processing methods applied covered spatial analysis and graph analy-
sis. The spatial analyses carried out were of a rudimentary nature, where the aim 
was to study the location of the pipes with respect to their environment. Graph 
analysis was applied in finding the connections in the water distribution network 
that serve a large area with no alternative path using a so-called cut-edge analysis. 
There, each edge (a pipe) in the graph (a connected network) was excluded from 
the graph one at a time. After this, the number of disconnected elements was cal-
culated. If the analysis yielded a number higher than one, the excluded element 
causes a disconnection.  

The decisions on which information was included in the analyses and what was 
considered irrelevant was made by the expert group. For example, the infor-
mation on a real estate’s floor area was available but considered not useful by the 
expert group and therefore it was left out. Similarly, decisions on analysis details 
such as the buffer distances applied in different cases were decided upon by the 
expert group. Expert judgement was also applied when combining the different 
analysis results and judging the overall severity of failure consequences. The 
group decided that the pipes are categorised into three classes based on conse-
quence severity: in class 1, failures may cause ‘very severe’ consequences, in class 
2, the consequences are estimated to be ‘severe’ and in class 3 the consequences 
are ‘normal’. It was also decided that the classification would follow the precau-
tionary principle: if a pipe matches any of the class criteria, it enters the given 
class.  
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Table 5 gives an overview on the criteria applied for the water distribution and 
wastewater collection networks for class 1. It also shows, which of the criteria im-
pact the network functioning and thus water consumers directly and which relate 
to the impacts on the physical environment of the network. 
 

Table 5. Class 1 classification criteria for water and wastewater networks. 

Criterion Network 
functioning  

Network  
environment 

Water distribution system 

Water mains of crucial functional importance to the 
whole network  x  

Water pipes serving critical consumers (hospitals) with 
no alternative path x  

Water pipes which, according to pipe closure reports, 
should not be closed at all or should only be closed for 
a very short time  

x  

Water pipes under railways with no protective pipe 
around them  x 

Water pipes that provide the only connection serving an 
area with more than 0.3 Mm3 of water consumption per 
year  

x  

Water pipes close to a subway entrances, buffer 50 m  x 

Sewer system 

Sewer mains of crucial functional importance for the 
whole network x  

Wastewater tunnels x  

Sewer mains and pressure sewers that are within 
groundwater areas suitable for water intake (Class I 
and II groundwater areas) 

 x 

Sewers close to primary or secondary raw water re-
sources (lakes or rivers that act as reserve surface wa-
ter sources, buffer 200 m) 

 x 

Sewers under railways  x 

Sewers under significant roads (p
mm, regional main roads)  x 

Unduplicated pressure sewers from critical pump sta-
tions x  

 
Table 5 illustrates how environmental consequences are more often considered in 
the case of sewers and how the pipe’s functional importance was considered so 
relevant that it often leads to being categorised in class 1. Table 6 presents the 
criteria applied when allocating pipes to class 2. 
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Table 6. Class 2 classification criteria for water and wastewater network. 

Criterion Network 
functioning 

Network  
environment 

Water distribution system 

All water mains not included in Category 1 x  

Water pipes under or close to buildings (pipe diameter 
  x 

regional main roads, i.e. road classes I and II)   x 

Pipes close to main gas transport lines (buffer 1 m)  x 

Sewer system 

Sewer mains not included in Category 1 x  

Sewers within nature conservation areas  x 

Sewers crossing water tunnels  x 

Sewers going under a water body (river, lake, sea)  x 

  x 

Sewers close to protected brooks (buffer 20 m)  x 

Sewers close to swimming beaches (buffer 100 m)  x 

Sewers other than sewer mains which are within 
groundwater areas suitable for water intake (Class I 
and II groundwater areas) 

 x 

Sewer mains within groundwater areas not suitable for 
water intake (Class III groundwater areas)  x 

Sewers close to critical underground structures (sub-
way entrances, 10 m buffer)  x 

 
Table 6 shows how the list of different criteria for the wastewater network is 
longer than for the water distribution system. This is due to the many criteria that 
consider consequences to the natural environment. 

Although many useful data sets were available for the analyses, the expert group 
also discovered that many relevant data sets were missing. For example, infor-
mation on the ground floor elevations would have been useful for assessing the 
possibility of network back-up and flooding of wastewater into properties. 
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2.3 Condition and life span assessment 

2.3.1 The sewer system and its environment 

The analyses of pipe condition and life span (Articles III and IV) were carried out 
with a data set on a sewer network of approximately 1200 km in length. The sewer 
system is a large subcatchment of the network studied in Article II. The oldest 
pipes in the network date from the year 1955 with intensive construction starting 
in the mid-1960s and continuing until today. The network only contains foul sew-
ers. Approximately 30% of the sewers was CCTV inspected between 2001 and 
2016. More details on the network can be found in Figures 1, 2 and 3 in Article IV. 

In order to analyse which factors affect pipe condition and how the network life 
span will evolve, data were collected on the network and its environment to form 
a set of explanatory variables connected with pipes and their defects. Table 7 pre-
sents the data sets available for the analyses and whether the data were used as 
such as explanatory factors or as an input to derive explanatory factors. 
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Table 7. Data sets used in modelling pipe condition and network life span. 

Type of infor-
mation Information details Usage 

Pipe attributes  
  
  
  
  

Geometry 

Used to calculate explanatory 
factors pipe length, slope, in-
stallation depth and pipe end 
coordinates 

Installation year 
Explanatory factor; used to cal-
culate explanatory factor age at 
inspection 

Diameter (mm) Explanatory factor 

Inspection year Used to calculate explanatory 
factor age at inspection 

Inspection result: defect score Dependent variable 

Material Explanatory factor 

Pipe type (gravitational / pres-
sure) Explanatory factor 

Manhole attributes 
Annual water consumption 
(wastewater production) of the 
nearby water consumers 

Used to calculate explanatory 
factor pipe-specific annual sew-
age flow 

Data on the envi-
ronment 
  
  
  
  
  

Soil construction class 

Used to calculate explanatory 
factor soil category at the de-
fect. Categorized based on mu-
nicipal guidelines: 1 = soil types 
best suited for construction 
(e.g., rock, gravel), 2 = interme-
diately suitable soils, 3 = least 
suitable soils (e.g., clay) 

Roads: road class 1 contains 
small roads with a carriageway 
of width 3 m and road class 7 
contains one-way motorways 
with a carriageway of at least 8 
m and the rest of the road clas-
ses fall between these two; the 
higher the road class, the larger 
the road 

Used to calculate explanatory 
factor defect under road 
(yes/no) 

Stormwater pipes (geometry) Used to calculate intersection 
with sewers 

Water distribution pipes (geo-
metry) 

Used to calculate explanatory 
factor intersection with sewers 

Tree stand, classified by height: 
2 to 10 m, 10 to 15 m, 15 to 20 
m, 20 m and above 

Used to calculate explanatory 
factor pipe distance to tree 
stand 

Elevation model; 2 m x 2 m ele-
vation grid with 0.3 m elevation 
accuracy 

Used to calculate explanatory 
factors installation depth and 
slope 

 
The original data sets in Table 7 cover information on pipes and manholes as well 
as on their environment. The data have either been used as such as explanatory 



Material and Methods 

22 

factors or as input information to calculate new explanatory factors. Stormwater 
and water pipes are considered ‘environmental data’, because they are only ana-
lysed from the perspective of how sewers are located relative to them. The pipe-
specific annual sewage flow was calculated summing up the flow information con-
nected to all manholes located upstream of the pipe. The upstream manholes were 
traced using graph analysis.  

The condition data set derived from CCTV inspections consisted of altogether 
approximately 10 000 pipes and 48 000 observations for them. These were linked 
with the potential explanatory factors. Only the most severe defect score was con-
sidered for each pipe and if there were several defects with the same score, the 
one included was randomly sampled on each analysis round. The defect types in-
dicating a foreign object in the sewer were discarded from the analyses, but all 
other types were retained. After pipes with missing information were excluded, 
the final data set included approximately 4800 pipes. Almost half of the maxi-
mum pipe scores were in the worst two classes (classes 3 or 4 on a scale from 0 to 
4). This indicates that the data set contained much more pipes in poor condition 
than what is reasonable to assume for the whole network, i.e., the data set was 
skewed towards poor condition.  

2.3.2 Modelling of pipe condition and life span 

The data presented in Table 8 were applied in estimating pipe condition (Article 
III) and network life span (Article IV). In both cases, a statistical method and a 
machine learning method were applied on the same data set, which included 19 
explanatory factors. 

The pipe condition was modelled using logistic regression and random forests. 
Logistic regression is a well-established statistical analysis method, which has of-
ten been applied in estimating pipe condition (see Ana et al., 2009; Ariaratnam et 
al., 2001; Fuchs-Hanusch et al., 2015; Salman and Salem, 2012; Sousa et al., 
2014). In comparison, random forests (Breiman, 2001) are a machine learning 
method that has been less frequently applied for pipe condition prediction, but it 
has provided promising results (see Harvey and McBean, 2014b). Both methods 
incorporate the effect of explanatory variables. In the case of logistic regression, 
the connection between log odds of an outcome (good/poor condition) and the 
predictor variables is linear (Agresti, 2013). Pipe condition was modelled as a di-
chotomous variable (good/poor), where pipes in condition classes 0 to 2 repre-
sented good condition and pipes in condition classes 3 and 4 poor condition.   

In a binary model, the balance between the shares of false negative (FN) and 
false positive (FP) predictions can be adjusted. A positive outcome can be, for in-
stance, pipe poor condition. In such a context, a FN is a case where the model 
predicts the pipe to be in good condition, even though in reality, the condition is 
bad. Similarly, a FP is a case where the model predicts the pipe to be in poor con-
dition, although its condition is good. The model can be adjusted by changing the 
discrimination threshold for poor condition. Typically, the threshold value is 0.5 
and probabilities above this indicate a positive outcome. However, the threshold 
value can be set differently. For example, setting it to 0.4 will lead to a higher 
number of outcomes labelled positive by the model. The discrimination threshold 
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can also be set to a level that produces a predefined false negative rate, that is, sets 
the share of positives incorrectly classified as negative to a desired level.  

In Article III, the random forest model provided slightly better results than the 
logistic regression and it was therefore studied more in detail: the variable selec-
tion and the variable importance analyses were made for the random forest model 
only. The relationship between pipe condition and individual explanatory varia-
bles was studied visually using partial dependence plots (Friedman, 2001). A par-
tial dependence plot presents how the value of the dependent variable, in this 
case, poor condition, depends on the values of a single explanatory variable, when 
the effect of the remaining explanatory variables has been averaged out. 

Variable selection is a process of selecting only the relevant explanatory varia-
bles to the model. The Boruta algorithm (Kursa and Rudnicki, 2010) was applied 
in Article III for assessing variable importance. The algorithm randomly permutes 
copies of predictor variables and measures, whether or not this affects the model 
results. When the model changes due to permutations of variable values, the var-
iable is labelled important. 

The effect of the number of explanatory factors was studied in Article III by re-
ducing the number of explanatory factors using backward elimination where ex-
planatory factors with poor significance were eliminated one by one and by testing 
the model performance after each elimination. The aim was to discover, how 
many predictor variables would create a well-performing model. The goodness of 
fit of the models was assessed by comparing their predictive accuracy on a valida-
tion data set both in terms of prediction accuracy (the share of correct predictions) 
and the share of correct predictions after the discrimination threshold was set to 
result in maximum 20% share of false negatives.  

Sewer network life span (Article IV) was estimated using two methods for sur-
vival analysis: Weibull regression and random survival forest. As in Article III, a 
proven statistical method (Weibull regression) was compared with a promising 
machine learning method. The experience gained on random forests in Article III 
encouraged to select random survival forests as the machine learning method. 
Weibull regression is a parametric survival modelling method, where the so-called 
shape and scale parameters allow the model to take a wide variety of shapes (Mills, 
2011). Random survival forest (Ishwaran et al., 2008), on the other hand, is a ma-
chine learning method specifically designed to model survival. The life span was 
modelled as the stage, where any defect in a pipe reaches condition class 4 in a 
scale from 0 to 4. The goodness of fit of the models were compared using two 
different statistics: the Brier score (Brier, 1950) and the c-index (Harrell et al., 
1982). Additionally, the predictive power was tested on a validation data set. In 
order to overcome the limitations of a biased data set, a method was developed 
for assessing where the actual life span would settle. An optimistic estimate for 
future life span was created assuming that the sample contains all pipes in poor 
condition in the whole network and a pessimistic estimate assuming that the con-
dition distribution in the whole network was the same as in the sample. 
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2.4 Software and libraries used 

The questionnaire in Article I was implemented using the online survey and re-
porting tool Webropol. The spatial analyses carried out for Article II were realized 
using the Python package arcpy, which provides access to geoprocessing tools.  
The Python library networkx was applied for the cut-edge analysis. In Article III, 
the spatial analyses were mainly performed as database queries in a PostGIS da-
tabase. The computation of the total annual sewage flow of the upstream pipes in 
Article III was implemented using the geometric network toolset in arcpy.  

Table 8 shows the tools used for the analyses made with R libraries.  
 

Table 8. The R libraries used and the main functions applied therein. 

Library name Calculation Main function  Article 
number 

randomForest Random forest randomForest III 

pROC ROC roc III 

caret Confusion matrix confusionMatrix III 

stats Logistic regression glm III 

interpretR Partial dependence plot parDepPlot III 

RandomForestSRC Random survival forests rfsrc IV 

flexsurv Weibull regression flexsurvreg IV 

rms Weibull regression psm IV 

pec Brier score pec IV 

pec C-index cindex IV 
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3 Results 

3.1 Data utilization 

The survey results in Article I indicate that there is a gap between the state-of-the 
art in data management and the everyday reality. The literature review high-
lighted a number of advanced methods of data utilization, but based on the ques-
tionnaire answers, the use of data in practice was limited. 

The survey responses provided some insight into the use of data in asset man-
agement. Although many utilities saw benefit in the adoption of smart metering, 
tablet computers and social media, the utilization of the existing technical data 
sets was not equally appreciated. The national benchmarking system for water 
and wastewater utilities was in use at 37% of the respondents’ utilities and among 
the responses, customer satisfaction surveys and cost information were seen as 
the most valuable benchmarks. When asked about the extent to which the utility 
utilizes the national benchmarking system in developing its operation, only 5% of 
the respondents expressed the benchmarking to be used to a high extent, while 
30% made no or little use of the system for developing purposes.  

Figure 3 presents the way the respondents rated the importance of specific 
benchmark data sets.  
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Figure 3. The ratings given by survey respondents on the importance of benchmarking 
data: 1 = not important, 5 = very important. 

All benchmarks were rated as somewhat important (rating 3) or important (rating 
4) by the majority of the respondents. The costs incurred from information sys-
tems and services related to them were seen as important or very important by a 
slight majority of the respondents. This was also the case for the information on 
the annual cost of consulting. The respondents typically rated benchmarking data 
as “somewhat important” even when the data had potential for asset management 
purposes. An exception is water leak information, which was accounted as im-
portant or very important by more than half of the respondents. The number of 
pipe failures was rated similarly by approximately 40% of respondents.  

When asked about the most likely new technologies to be adopted by the utility 
in the near future, the survey respondents listed real-time monitoring of the water 
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distribution system and utilization of data collected by smart meters as the most 
potential options. Solutions that combine data from different sources, and could 
thus aid in asset management, were mentioned by only one respondent. Treat-
ment of big data had not been considered in the existing information systems and 
their adaptation was estimated to be costly.  

A general conclusion on the survey results relates to the need for new compe-
tencies at utilities.  The operational environment of the utilities will change with 
the growing data intensity and adoption of new IT and software solutions. This 
will not only require investments, but also acquisition of new skills in manage-
ment, technology and security. Managerial competences are needed to efficiently 
utilize (big) data, to manage the changes needed in the decision-making processes 
and in changing the company culture into a data-driven organizational culture. 
Adoption of new technological solutions will be required due to the growing vol-
ume and variety of data, as well as the need to analyze the data in (near) real time 
(Laney, 2001). Consequently, expertise in software systems and analytics, but also 
in information security will be needed. 

3.2 Failure consequences 

The analysis presented in Article II showed that existing data sets offered support 
to assessing failure consequences at pipe level. The results provide an understand-
ing on the characteristics of the networks from a risk management point of view. 
Table 9 presents how large a share of the water network was allocated in class 1 
(very severe consequences) and class 2 (severe consequences) due to each crite-
rion considered. 

  
Table 9. Share of the total water distribution system length in classes 1 and 2 by crite-
rion. 

Criterion Share 

Water mains Class 2 10% 

Water mains Class 1 2% 

Buildings 0.6% 

Roads 0.6% 

Gas lines 0.6% 

Critical consumers  0.3% 

Closure not recommended 0.2% 

Underground structures  0.1% 

The only connection serving a large area <0.1% 

Railways <0.1% 
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Among the individual criteria considered, the criterion ‘water main’ resulted in 
the largest network lengths being labelled as critical or very critical. All other cri-
teria caused less than one percent each. Some pipes were critical due to more than 
one criterion. After this was taken into account, the total length of pipes in criti-
cality class 1, where failures were assessed to have potentially very severe conse-
quences, was 89 km, which accounts for ca. 3% of the total network length. In  
class 2, where the consequences were assessed to be potentially severe, the total 
length was much higher, 357 km, which altogether makes up ca. 11% of the total 
network. 

Table 10 shows the total lengths resulting from each criterion for the wastewater 
network.  

 
Table 10. Share of the total wastewater network length in classes 1 and 2 by crite-
rion. 

Criterion Share 

Sewer mains Class 2 11% 

Groundwater areas Class 2  4% 

Main tunnels  3% 

Ditches  3% 

Sewer mains Class 1  1% 

Water bodies  1% 

Groundwater areas Class 1  1% 

Critical pump stations  0.5% 

Raw water resources  0.4% 

Roads  0.3% 

Nature conservation areas  0.3% 

Beaches  0.2% 

Railways  0.1% 

Buildings  0.1% 

Water tunnels   0.1% 

Underground  <0.1% 

 
Similar to the water distribution system, also for sewers being labelled a main pipe 
caused a high number of pipes to be considered critical. In addition, many pipes 
were located in a groundwater area. The total length of sewers in criticality class 
1 was 182 km, which represents ca. 7% of the total network length, whereas in 
class 2 there were 506 km of pipes, which is approximately 18% of the whole net-
work length. 
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Knowing the total of critical network lengths provides valuable input into over-
all network asset management. It supports identification of critical assets and es-
timating the extent of the network that needs special resourcing, which both are 
integral parts of asset management (Grigg, 2012).  

The total length of pipes with potentially severe or very severe failure conse-
quences is relatively high and it would require a lot of resources to pay special 
attention to each of these pipes. However, as the analysis contains several criteria, 
it enables allocating different activities to different subgroups of pipes. The sub-
groups may further be refined by accounting for the most harmful failure modes. 
For example, the pipes with structural damage cause potentially most damage at 
locations where exfiltration is harmful, such as in groundwater and nature con-
servation areas and under buildings, roads and railways. Nevertheless, regarding 
the water distribution system, the analysis revealed that both hidden leaks and 
pipe bursts are detrimental. Even though hidden leaks do not have abrupt effects, 
they may cause loss of soil around the pipe and lead to a burst. 

In the case of sewers, the failure types analysed included exfiltration, infiltration 
and inflow, blockages and collapses. Collapses were regarded as the most harmful 
type of failure, since they cause severe consequences with respect to each of the 
classification criteria considered. For other failure types the severity was found to 
vary between different subgroups of pipes. For example, exfiltration is harmful at 
locations where the exfiltrating wastewater may cause pollution, such as in 
groundwater areas, or weakening of structures, such as close to buildings.   

The analysis also revealed that even though a lot of data were available, a num-
ber of important data sets were missing and will need to be added into the analysis 
in the future. For example, hydrodynamic modelling results would have enabled 
a detailed assessment of the effect of pipe failures on the network functioning, but 
such results were only available for a limited number of individual lines in the 
water distribution system. 

3.3 Pipe condition 

The random forest and logistic models provided reasonable results in terms of 
predictive ability. Table 11 illustrates the accuracies (the share of correct predic-
tions) the models yielded when tested on a validation data set. The validation data 
included a random selection of 30% of the pipes in the original data set. 

 
Table 11. The prediction accuracy of the logistic regression and the random forest 
models. 

  
Logistic regres-
sion 

Random fo-
rest 

Maximum accuracy 62% 67% 

Accuracy after setting the false negative rate to 20% 56% 62% 

 
The random forests performed somewhat better in predicting the condition of the 
pipes in the validation data set. The original accuracy of the random forest model 
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was 67%, whereas for the logistic model it was 62%. After the false negative rate 
was set to the desired level of maximum 20%, the accuracies dropped to 62% for 
random forest and 56% for the logistic regression model. 

The results on variable importance varied to some extent between different 
rounds of sampling. Figure 4 presents the average variable importance for each 
explanatory factor determined by the Boruta algorithm. 

 
Figure 4. The average importance of each explanatory factor according to the Boruta 
algorithm. 
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The maximum possible value for variable importance is 100. If a factor fully de-
termines the results of the classification, it receives the value of 100, whereas the 
value of zero means the factor has no effect on the results. An explanatory factor 
may also receive a negative value for importance. This means that removing such 
an explanatory factor from the model improves the model performance. Even 
though the variable importance varied between samples, the order remained ap-
proximately the same and the most important variables remained among the most 
relevant ones and the least important among the least significant ones. According 
to the Boruta algorithm, pipe slope, sewage flow, pipe age, length and build year 
were among the most important factors, followed by pipe coordinates (x1 and y1), 
soil construction class and pipe diameter. The least important factors covered 
many of the environmental attributes such as distance to trees, crossing with 
other infrastructure, but also pipe material and type. 

The partial dependence plots conveyed similar results on variable importance 
as the Boruta algorithm but provided more insight into the way the explanatory 
factors and pipe condition are interconnected. The more variation there is in the 
plot, the more differences there are in the way the values of the variable affect the 
condition.   Figure 5 shows the partial dependence plots for six different explana-
tory factors: pipe slope, annual sewage flow, build year, age and length, which 
were rated as important, accompanied by the least important explanatory factor, 
crossing with a water pipe. 

 

 
 

Figure 5. Partial dependence plots for six of the explanatory factors: pipe slope, sewage 
flow, build year, pipe age, length and crossing with a water pipe. The black line shows 
the connection between poor condition and the explanatory factor values and the grey 
area marks the 25% confidence intervals. 
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Figure 5 illustrates, how a negative slope will have a higher effect on the condition 
than a positive one and how both very small and large sewage flows affect condi-
tion negatively. Pipes built before 1970 tend to be in worse condition than others, 
as do pipes of more than 45 years old. Pipe length is mainly linked with poor con-
dition so that the longer the pipe, the higher the tendency of poor condition. On 
the contrary, the partial dependence plot of crossing with a water pipe shows al-
most no connection of crossing (1) and non-crossing (0) pipes to poor condition. 

The modelling results provide an understanding on what kind of pipes in the 
network may be in poor condition and thus support the decisions on where to 
allocate condition inspections. 

3.4 Network life span  

The network life span was modelled using the methods random survival forest 
and Weibull regression. Figure 6 presents the resulting estimates for survival 
curves and the Kaplan-Meier estimate, which presents the share of pipes in useful 
condition in the data. 

 
Figure 6. The estimated life span curves with random survival forest (green) and 
Weibull survival model (blue) together with the Kaplan-Meier estimate (black). 

The two methods produced fairly similar curves until pipe age 50, at which point 
they diverge. Both curves are also similar to the Kaplan-Meier curve, except at 
pipe age 56, where the Kaplan-Meier curve drops to 0 due to the last observation 
being a single observation of a pipe that reaches the end of its life span. As random 
survival forest is a non-parametric method and does not formulate an explicit 
functional dependency between the explanatory factors and survival, its predic-
tion ends at the oldest pipe age in the data set, age 56, at which, according to the 
prediction, 30% of the network will need replacement. The Weibull method pre-
dicts that 99.994% of the whole network will need replacement by the age of 85. 
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Figure 7 presents the prediction error curves (the Brier score values) and c-in-
dex values used to assess goodness of fit of the two models. 

 

 
Figure 7. The concordance index (c-index) values (left) and the prediction error (Brier 
score) values (right) for the estimated models: Weibull model in blue, random survival 
forest in green. The dashed line in the c-index curve (left) marks the level above which 
the model is better than a random model, whereas the dashed line in the prediction 
error curve (right) marks the level below which the model is better than a random 
model. 

In the light of the c-index values (left), both models perform relatively well. They 
stay clearly above the dashed line at 0.5 level, which marks a useless model. For 
pipes up to the age of 40, both models stay above the 0.7 level, which indicates a 
good model. The c-index values for the random survival forest model exceed those 
of the Weibull model, indicating a stronger model. When the model is assessed 
using the Brier score values (the prediction error), the models perform quite sim-
ilarly.  Both measures indicate that the predictive power worsens together with 
pipe age. The Brier score values even reach the level of 0.25 at old pipe ages, which 
indicates the models are not useful for predicting the survival of old pipes. 

In addition to the assessment of the Brier score and c-index values, the model 
goodness of fit was also assessed on a validation data set. Figure 8 presents the 
annual shares of pipes still in usable condition vs. needing renovation. The actual 
shares are given in the middle, and the share predicted by the Weibull method 
and random survival forest at the top and bottom, respectively. 
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Figure 8. The estimated distributions of pipe condition for different pipe ages in the 
validation data set: Weibull prediction (top), actual data (middle) and random survival 
forest prediction (bottom). The dark bars present the share of pipes still in useful con-
dition and the horizontal axis shows pipe age in years. 

Figure 8 illustrates, how the Weibull method creates a sound-looking prediction 
for the share of pipes in good condition at different ages. However, the random 
survival forest is able to better follow the somewhat irrational-looking curve seen 
in the actual data. 

Even though the random survival forest model performed somewhat better 
when assessed with the concordance index and the validation data set, all in all 
the differences in model goodness of fit were fairly small.  

Figure 9 shows the optimistic and pessimistic estimates for the network life 
span. 
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Figure 9. The estimated pessimistic (left) and optimistic (right) life span curves. 

The difference in the estimates on the age at which 50% of the network has 
reached the end of its useful life differs by 45 years. This age is 55 in the pessimis-
tic case and 100 in the optimistic case. The actual life span should settle some-
where between these two.  
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4 Discussion 

4.1 The role of data in today’s water asset management 

Article I highlighted the gap between the potential in data utilization and practice. 
The survey did not specifically address the issue of utilizing data for network risk 
assessment such as estimating condition, survival or failure consequences, but at 
many points the responses indicate that the use of data to these purposes is lim-
ited and hint that the existing data are not strongly appreciated. For example, the 
fact that only 37% of the responding utilities were involved in the national bench-
marking system and that the majority of the individual benchmarks listed were 
regarded as “somewhat important” supports this view. However, the interest in 
real-time monitoring and smart metering show that also new approaches are wel-
comed. These two are proven technologies for which experience exists also in Fin-
land. This is a possible explanation to why they are listed as interesting solutions 
more often than, for example, condition and life span modelling, which practically 
no utilities apply at the moment.  

A gap in asset management practices has also been identified by Alegre and Coe-
lho (2012), who express that most mid-sized utilities could significantly improve 
their infrastructure asset management. As the majority of Finnish networks are 
managed by small to medium-sized utilities, it is not surprising there is no a 
stronger grip on data-driven asset management. Similar remarks have been made 
in Canada, where among the largest utilities serving 30,000 people or more 70% 
had a documented asset management plan, whereas the share was 29% among 
utilities serving less than 5,000 people and 56% among those serving 5,000-
30,000 people (Canadian Infrastructure Report Card, 2019).  

In order to benefit from the growing data intensity, new technologies and novel 
IT and software solutions are needed, but in Article I this was found to require not 
only investments but also changes in organizational culture. However, the situa-
tion is to a certain extent the same at utilities all around the world. The Digital 
Water report (IWA and Xylem Inc., 2019) states that the commitment of the util-
ity management is crucial starting from setting the ambition and building a digital 
roadmap and innovation culture to piloting and building the data warehouses 
needed. Further refinement of the solutions developed will require that the indus-
try players work together (IWA and Xylem Inc., 2019).   

4.2 Failure consequence estimation 

The analyses presented in Article II revealed that the existing data sets and spatial 
analysis tools allow the assessment of a diverse range of pipe failure consequences 
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at a pipe level. The variety in pipe attributes and local circumstances also enable 
the assessment of the types of pipe failures that would have the most detrimental 
effects. These two aspects combined make it possible to allocate asset manage-
ment activities such as maintenance, inspection and renovation to different net-
work sub-groups. The analyses in Article II complement the consequence assess-
ment presented in the literature (Berardi et al., 2009; Piratla et al., 2015; 
Syachrani et al., 2013a) by specifying transparently the several criteria applied. 

 In addition to gaining pipe-level results, the analyses in Article II enable creat-
ing an overview on the network’s risk level as a whole. Knowing the extent of crit-
ical network lengths provides a ground for understanding the resources needed 
for managing the network, resource acquisition being one of the key features of 
asset management (ISO 55002, 2018). This type of assessment, where the aim is 
to quantify the total network length of critical pipes, and to specify which factors 
can cause significant network lengths to be labelled as critical, is typically not pre-
sented in the literature. Baah et al. (2015) make an exception by reporting that in 
the uninspected network the share of high consequence of failure pipes is six per-
cent. In many cases, the emphasis has been on presenting ways to prioritize pipes 
for inspection or renovation (Berardi et al., 2009; Salman and Salem, 2012a; 

. The study presented in Article II 
also complements previous research through its starting point, which has been 
setting out the situational picture for resource estimation, whereas the common 
status has been the contrary: prioritization has been carried out to meet a given 
budget constraint.  

Although the analysis in Article II combined a relatively high number of differ-
ent data sets, the information requirements are in fact even higher. The most sig-
nificant deficiency was the lack of hydrodynamic modelling results for both net-
works, since only modelling could reveal the effects of a pipe failure farther in the 
network. For example, a sewer blockage or collapse may lead to wastewater end-
ing up in vulnerable bodies of water upstream of the actual failure, but under-
standing the dynamics of what happens in the network and where the wastewater 
actually flows, requires hydrodynamic modelling. The importance of hydrody-
namic modelling for consequence assessment is reflected in the literature, where 
many studies address the topic (for example, Möderl et al. (2009); Savic et al. 
(2005); Möderl and Rauch (2011); Gibson et al. (2016)). In order to thoroughly 
understand failure effects, also modelling of the flow above and under ground 
level would be needed. Such an analysis would require more information on, for 
example, underground structures such as basements, and the retention water lev-
els at each property. 

It is noteworthy that adding the number of essential criteria considered can only 
increase the number of critical pipes. It is therefore even more essential to exam-
ine subgroups of critical pipes separately, as this will not only enable targeting 
specific activities for groups that actually need them, but also limit the total vol-
ume of maintenance activities compared to the situation where all critical pipes 
are treated identically.  

The uncertainties related to the input data in Article II have a twofold effect. On 
the one hand, the uncertainties may cause pipes that would actually have severe 
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failure consequences to go unnoticed. On the other hand, the effect can be the 
opposite: some pipes are labelled critical, although more accurate data would re-
veal they are not.  The uncertainties can thus be estimated to have little effect on 
the overall volumes of critical pipes, but a stronger effect on whether an individual 
pipe is labelled critical or not. 

4.3 Pipe condition and life span 

The logistic regression and the random forest model both proved applicable meth-
ods for predicting sewer condition in Article III. The random forest model per-
formed slightly better, having a predictive accuracy of 62%, when the share of 
false negatives was set to 20%. The accuracy is not very high, but in line with the 
accuracies previously reported in the literature: In the work by Syachrani et al. 
(2013a) the coefficients of agreement varied between 76% and 81%. In Harvey and 
McBean (2014a) the accuracies were 76% and 58% and in  Sousa et al. (2014) 79% 
and 71%. Apparently, the highest model accuracy, 91%, was reached in Mashford 
et al. (2011). Several reasons can explain why the accuracies typically are not 
higher. The CCTV inspection data are a result of subjective assessment and known 
to contain uncertainties (Dirksen et al., 2013), which complicates the creation of 
a good model. Also, missing relevant variables from the set of explanatory factors 
or small data sets could be the cause.  

According to Ana and Bauwens (2010), pipe deterioration is a complicated pro-
cess that may be impacted by various factors. Article III studied the effect of alto-
gether 19 different explanatory factors and these all were regarded as relevant by 
the Boruta algorithm. However, the variables pipe slope, annual sewage flow, age, 
length and build year stood out as the most relevant ones in the Boruta analysis 
and showed the strongest variation in the partial dependence plots.  When com-
plemented with the pipe coordinates and soil construction class, the set of eight 
explanatory factors provided an accuracy comparable to the model with all 19 var-
iables. The Boruta algorithm and the partial dependence plots provided similar 
results on the importance of different explanatory factors. However, the partial 
dependence plots were more useful in assessing the interconnection between con-
dition and each explanatory factor. This is relevant for sewer asset management, 
since knowing merely the significant factors does not provide much support for 
actual management decisions. An overall conclusion on the effect of different var-
iables gained from Article III was that pipe attributes were more often significant 
than location-related attributes. Even though several explanatory factors were in-
cluded in the analysis, many more identified as potentially significant could still 
be incorporated. These include, for example, flow velocity and level, wastewater 
quality, backfill type and contractor information. 

What could not be studied in Article II is how previous asset management ac-
tivities affect the results. For example, pipe material was found to be fairly insig-
nificant, which is a relevant piece of information when considering finding pipes 
in poor condition in the remainder of the network. However, the similarity in con-
dition between different material groups could merely be a result of previous ren-
ovations: if pipes in poor condition of material A were extensively renovated prior 
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to the start of the data collection, the difference would not be discovered. This is 
a potential reason for differences about which factors have been found influential 
in various studies. Another possible reason is explanatory factors’ interconnec-
tions. El-Housni et al. (2017) found that accounting for the interactions and cor-
relations between explanatory variables changed the results on which variables 
are significant for pipe condition.  

The random survival forest and Weibull models created in Article IV produced 
relatively similar estimates for the network life span. The curves diverged at old 
pipe ages, but this could be due to the very low number of pipes in that age group. 
Due to the random survival forest not being a parametric model, its prediction 
ends at the point of the oldest pipe in the data. Random survival forest can be used 
to verify the result of parametric models until the age of the oldest pipe in the data 
and for predicting pipe condition until that age. Examples exist where a non-par-
ametric method has been supplemented by a parametric method to overcome the 
limitation in the long-term predictive ability of the non-parametric method, such 
as in Grama et al. (2013). The estimates seem quite conservative, most likely due 
to the data being skewed towards poor condition. It is noteworthy that even 
though the data do not show strong deterioration with pipe age (see Figure 8), a 
survival model can always be created, since it presents the shares of pipes still in 
useful condition in the whole data set. The pessimistic and an optimistic life span 
estimates created in Article IV shed light on where the true life span could settle. 
The 50% survival share was estimated to lie between 55 and 100 years.  This is a 
vast range and the optimistic estimate seems very optimistic based on practical 
experience. In order to provide a narrower estimation, the data set used to predict 
the life span should be selected randomly. In such a case, a pessimistic and opti-
mistic prediction would not be needed, since the data set would represent the 
whole network. The results and the literature (for example, Duchesne et al. 
(2013); Le Gat (2008)) emphasize the importance of having a representative sam-
ple for modelling survival. Therefore, if a utility wants to benefit from life span 
models it needs to collect inspection data using random sampling. To obtain reli-
able results, the same pipes need to be inspected consecutively (Wirahadikusu-
mah et al., 2001). Finally, in case some of the network has been renewed before 
the utility has started to keep a record on renovations, also the effect of these miss-
ing data must be accounted for.  

In the case of condition modelling (Article III), the machine learning method 
applied, random forests, provided better results than the traditional logistic re-
gression, although the difference was slender. In survival modelling (Article IV), 
the comparison between the machine learning method, random survival forest, 
and the Weibull regression, was more diverse. The predictive ability of the ran-
dom survival forest was assessed to exceed that of the Weibull regression. How-
ever, in practical applications, where only few or no explanatory variables are 
available or the model must predict beyond the age of the oldest pipes in the train-
ing data set, the Weibull regression may be preferable. The results of Articles III 
and IV demonstrate that the machine learning methods random forest and ran-
dom survival forest are potential methods for modelling pipe condition and life 
span. 
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The results of Article III support selecting pipes for inspections and outlining 
good practices for building new networks. The prediction models facilitate finding 
uninspected pipes in the network that are likely to be in poor condition. The anal-
ysis of explanatory variables supports good construction practices; for example, 
the results indicate that too shallow installation depths should be avoided. The 
results of Article IV present a way to coarsely estimate the future resources needed 
for network renovations. Moreover, they provide an understanding on how data 
should be collected in order to benefit from survival models in the future.  

4.4 On data quality, quantity and automating of analyses 

Data quantity and quality determine the success of any modelling task. Both the 
availability and accuracy of many data sets can be expected to improve in the fu-
ture. The amount of data is expected to grow substantially due to digitalization, 
the emergence of the industrial internet, new open data sets and data produced 
from social media. An example on advances in open data in this dissertation is the 
information on trees: at the time when data were collected for the analyses in Ar-
ticles III and IV, information on tree stand was available categorized based on 
average tree height. Today, spatial information also exists on the individual trees 
that grow in public space.  

Different data sets proved useful for the analyses presented in this dissertation. 
In Article II, the extensive data sets on the network environment allowed the as-
sessment of various failure impacts, even though the information on the networks 
was limited to pipe attributes and no information on the network hydraulics was 
available. In condition modelling (Article III) the situation was the contrary; the 
network data were more important than the environmental data sets for model-
ling pipe condition. 

Scheidegger et al. (2011) state there is no lack of modelling methods, but a lack 
of methods and tools to evaluate and validate the models. The analyses in Articles 
III and IV support the view that the biggest problems in condition and life span 
modelling relate to the data and its representativeness. Data should be collected 
systematically and in correct format to ensure its feasibility. However, over the 
decades the conventions of data collection have often varied and it is not unusual 
that condition data and renovation information is unavailable for long periods of 
time. These issues may complicate or even hinder modelling of network condition. 
A conclusion gained from Articles III and IV is that condition models can be cre-
ated using a data set biased towards poor condition, but the quality of life span 
predictions highly depends on the representativeness of the observations.  

In order for a utility to benefit from condition and consequence estimation, the 
analyses need to be automated so that all pipes in the network can be analysed 
with reasonable effort.  It is essential that the results of the condition and deteri-
oration models and the estimated failure consequences are updated as more and 
better-quality data accumulate over time. The network changes gradually but 
steadily, as more pipes are built and repaired. Similarly, the network environment 
changes: new roads and real estates are built and trees continue to grow. Updating 
of the analyses is not discussed much in the literature, apart from Piratla et al. 
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(2015), who applied an Excel sheet for consequence assessment. Based on the re-
sults of this dissertation, automated updating through a spatial platform should 
be preferred to avoid any unnecessary manual work. 
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5 Conclusions 

The objective of this dissertation was to study the present state and the potential 
in utilizing currently available data sets for water and wastewater infrastructure 
asset management, in particular for supporting decisions on inspections and ren-
ovation. The possibilities for failure consequence estimation were studied. A com-
parison was made on the suitability of different methods for modelling the condi-
tion and life span of sewers. In addition, a method was presented for analysing 
how different explanatory variables affect sewer condition. The novel scientific 
findings in this dissertation are: 

1. There is a gap between the potential and actual data usage at Finnish 
water and wastewater utilities. Technological, managerial and secu-
rity-related competencies are needed to respond to the growing 
amount of data and higher possibilities of data exploitation. 

2. The environmental data sets available for the study allow extensive 
analysis of pipe-level failure consequences, but inclusion of infor-
mation on, for instance, network hydraulics would improve the results. 

3. Currently available data sets provide the possibility to model pipe con-
dition but are poorly suitable to estimating network life span. 

4. The machine learning methods random forest and random survival 
forest provide useful alternatives for the traditional statistical methods 
logistic regression and Weibull regression for modelling pipe condition 
and network life span, respectively. Random forests performed slightly 
better than logistic regression. However, the preference between ran-
dom survival forest and Weibull regression depends on the availability 
of relevant explanatory factors and whether there is a need to project 
the life span beyond the oldest pipe in the input data. 

5. Partial dependence plots are useful for studying visually the intercon-
nection between pipe condition and explanatory factors. In this study, 
pipe slope, annual sewage flow, age, length and installation year were 
identified as the most important explanatory factors.  

6. When only a data set biased towards poor condition is available, creat-
ing an optimistic and a pessimistic life span curve provides a means for 
estimating roughly the range of the actual life span. 

7. Since the data used for modelling pipe condition in practice always 
contain censored observations, survival methods should be preferred 
over other methods as they account for censoring. 
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8. Making reliable life span estimates requires that the model is con-
structed based on a random sample of pipes and that consecutive in-
spections are targeted on these pipes. In addition, censoring and left 
truncation need to be accounted for.  
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Appendix I 

Question Answer type 

1. Respondent's gender 2 alternatives 

2. Respondent's age in years open 

3. Main job description 
4 alternatives, 1 
open 

4. Adding new open interfaces and connections to existing in-
formation systems would be… 1-5  

5. How expensive would it be to include new open inter-
faces/connections to the existing information systems? 1-5 

6. What do you think about the following statement: the possi-
bility of open data and new open interfaces has been taken into 
account in the current IT contracts? 1-5 

7. What do you think about the following statement: Utilities 
need more training or mentoring with contracting related to in-
formation system and consulting service? 1-5 

8. Are you familiar with the VEETI project, where the aim is to 
develop a new national information system for water services, 
which would enable collecting [utility] data only once? yes/no 

9. Assess the extent to which information and reports of [the 
national information system] VELVET are utilized at your utility. 1-5 

10. Is your utility involved in the benchmarking system pro-
vided by [Finnish Water Utilities Association] FIWA? yes/no 

11. Assess the use of FIWA’s benchmarking information in cur-
rent activities and developing operations 1-5 

12. How does your utility use the FIWA's benchmarking infor-
mation and which benchmarks in particular? open 

13. In your view, how much would comparison of the following 
information between utilities of the same size add value to im-
proving the utility's operations?   

- Maintenance and investment information 1-5 

- Information on energy consumption 1-5 

- Wastewater treatment plant's laboratory results 1-5 
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- Number of pipe bursts 1-5 

- Leakage percentage 1-5 

- Results of customer satisfaction surveys  1-5 

- Costs of consulting services 1-5 

- Annual costs of IT services 1-5 

14. In your view, what kind of user rights should different user 
groups get regarding water-industry-related open data?   

- The utility organization as a whole 1-5 

- The personnel of other water utilities 1-5 

- Research organizations and universities 1-5 

- Consulting companies and other partners 1-5 

- Authorities related to e.g. construction, environmental protec-
tion and health protection 1-5 

- Municipality inhabitants 1-5 

15. Do you regularly conduct a customer satisfaction survey 5 alternatives 

16. What do you see as the most important new services or in-
teresting applications that could be developed using open data 
related to the water industry? open 

17. Do you consider potential that inhabitants could be encour-
aged and motivated to inform the utility about problems such 
as pipe bursts through the use of internet-based services? 1-5 

18. Do you consider potential that open data and openness 
could increase possibilities of getting more funding to utilities 
in the municipal sector?   

19. New technological solutions are constantly developed (e.g. 
tablet computers, social media, cloud services, online meters 
and industrial internet). What kind of new technological solu-
tions do you see your utility could be using in the upcoming 
years? open 

20. Which new analysis or consulting services would support 
your work tasks? open 

21. How well do you know the term 'smart water'? 1-5 

22. In your view, what does 'smart water' consist of? open 

23. The operational environment of companies is changing rap-
idly. What are the most significant factors changing the utilities’ 
business environment in the next 5 years?   

- Information systems and technical factors 1-5 

- Organizational factors and factors related to know-how 1-5 
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- Factors related to customers and customer service 1-5 

- Ethical and ecological issues 1-5 

24. Here you can give feedback on the survey. open 
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