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SMART BUILT

Forord

Smart Built Environment ar ett strategiskt innovationsprogram for hur samhalls-
byggnadssektorn kan bidra till Sveriges resa mot att bli ett globalt foregangsland som
realiserar de nya mojligheter som digitaliseringen fér med sig. Smart Built
Environment ar ett av 17 strategiska innovationsprogram som har fatt stod inom
ramen for Strategiska innovationsomraden, en gemensam satsning mellan Vinnova,
Energimyndigheten och Formas. Syftet med satsningen &r att skapa forutsattningar for
Sveriges internationella konkurrenskraft och bidra till hdllbara l6sningar pa globala
samhallsutmaningar.

Samhallsbyggnadssektorn ar Sveriges enskilt storsta sektor som paverkar hela var be-
byggda miljo, men den ar fragmenterad med manga aktdrer och processer. Att
forandra samhallsbyggandet med digitaliseringen som drivkraft kraver darfor
samverkan mellan manga olika aktorer. Smart Built Environment tar ett samlat grepp
over de mojligheter som digitaliseringen innebar och blir en katalysator for
spridningen av nya mojligheter och affarsmodeller.

Vara mal:

e  Cirkular resurshantering och effektivare processer avseende tid och kostnad -
fran planering till 1angsiktig forvaltning

e Den bebyggda miljons kvalitet har utvecklats, och genomsyras av funktionell
hallbarhet, estetisk utformning, lang livslangd och robusthet

e Tydligt bidra till minskade utslapp av vaxthusgaser i enlighet med Sveriges
klimatmal for 2030

e Flera nya virdekedjor och ny affarslogik baserad pa livscykelperspektiv,
plattformar samt nya konstellationer av aktorer

[ programmet samverkar programparter fran naringsliv, kommuner, myndigheter,
bransch- och intresseorganisationer, institut och akademi. Tillsammans nyttiggor vi
den kunskap som tas fram i programmet.

SMARTINFRA é&r ett av projekten som har genomforts i programmet. Det har letts av
RISE Research Institutes of Sweden och har genomférts i samverkan med
dricksvattendistributdrer i Sverige, Frankrike och Spanien

Det finns ett omfattande och vaxande behov att fornya dricksvatteninfrastruktur i EU
och globalt. Férnyelsebehoven dverstiger ofta tillgidngliga resurser, vilket staller krav
pa effektiva verktyg for prioritering av investeringar och for att identifiera lackage.
SMARTINFRA syftade till att paskynda den digitala transformationen inom
vattendistribution. Malet var att identifiera vilka data som bor métas och hur dessa
data kan hanteras for att mojliggora effektivare 6vervakning, underhall och fornyelse
av ledningsnatet

Stockholm, 20 sptember 2025
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Sammanfattning

SMARTInfra-projektet, genomfort  inom ramen  for det  strategiska
innovationsprogrammet Smart Built Environment, syftade till att paskynda den digitala
omstdllningen inom dricksvattendistribution genom utveckling och validering av
smarta overvakningsteknologier och datadrivna verktyg. Med en dldrande infrastruktur
och 6kade krav pa vattenforsorjningen adresserade projektet det vixande behovet av
forbattrad bedomning av ledningsnatets halsa och prestanda. Laboratorie- och
faltstudier genomfordes for att utvdardera sensortekniker for detektering av biofilm,
korrosion och lackage i polyeten- och segjarnsror. Avancerade analysmetoder, inklusive
elektrokemiska maétningar och flédescytometri, anvidndes for att karakterisera
materialnedbrytning och mikrobiell dynamik.

Maskininlarningsmodeller utvecklades for att klassificera rormaterial och bedéma
korrosionsrisk baserat pa vattenkvalitetsdata. Ett nytt korrosionsindex foreslogs med
hjalp av data fran en svensk vattenleverantor. Neurala nidtverksmodell visade hog
traffsakerhet i att identifiera rortyper i laboratorieférsok, men ytterligare
modellanpassning kravs for verifierad traffsikerhet i dricksvattennatverket. En
fullskalig faltstudie visade att biofilmutvecklingen i nya polyetenrdr paverkas av bade
materialegenskaper och vattenkvalitet, med potentiella konsekvenser fér mikrobiell
stabilitet och infrastrukturens livslangd.

Resultaten visar att det ar mojligt att integrera sensordata med prediktiv analys for att
stddja ett proaktivt underhall av vatteninfrastruktur. Aven om de utvecklade verktygen
och metoderna ar lovande kravs ytterligare validering och anpassning for storskalig
implementering. Projektet bidrar till utvecklingen av hallbar, resilient och
datainformerad vatteninfrastrukturilinje med FN:s Agenda 2030 for hallbar utveckling.
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Summary

The SMARTInfra project, conducted within the framework of the Smart Built
Environment program, aimed to accelerate the digital transformation of drinking water
distribution systems by developing and validating smart monitoring technologies and
data-driven tools. With aging infrastructure and increasing demands on water utilities,
the project addressed the urgent need for improved assessment of pipeline health and
performance. Laboratory and field studies were conducted to evaluate sensor
technologies for detecting biofilm formation, corrosion, and leakage in polyethylene and
ductile iron pipes. Advanced analytical methods, including electrochemical
measurements and flow cytometry, were employed to characterize material
degradation and microbial dynamics.

Machine learning models were developed to classify pipe materials and assess corrosion
risk based on water quality data. A novel corrosion index was proposed using data from
a Swedish utility, and neural networks demonstrated high accuracy in identifying pipe
types. A full-scale field study further revealed that biofilm development in new
polyethylene pipes is influenced by both material properties and water quality, with
implications for microbial stability and infrastructure longevity.

The results demonstrate the feasibility of integrating sensor data with predictive
analytics to support proactive infrastructure management. While the tools and methods
developed show promise, further refinement and validation are required for large-scale
implementation. The project contributes to the development of sustainable, resilient,
and data-informed water infrastructure systems aligned with the UN’s 2030 Agenda for
Sustainable Development.
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1 Introduction

1.1 Background

Drinking water is our most important food resource and a growing world population
will require an unprecedented demand for fresh water. Water scarcity is already
affecting millions of people all over the world. With uneven global distribution, climate
change and ageing pipeline infrastructure, water utilities will face this complex
challenge while needing to replace and maintain their water distribution network. Up to
40-50% of fresh water is lost in water transmission pipelines due to aging pipeline
infrastructure and many countries and municipalities do not have enough resources to
keep up with the needs [1]. There will be a growing market in developing countries both
for water distribution, desalination, and wastewater treatment.

The general pipe network for drinking water in Sweden covers approximately 71,000
km and the demands for sustainability, circularity and integration in society is growing.
Development of smart and robust monitoring technologies is therefore essential to
ensure long and trouble-free operations in water infrastructure such as pipes and
treatment steps. Gaining knowledge about what data to measure and how to manage
this data will allow drinking water producers to (i) assess their infrastructure state, (ii)
predict disruptions of the network due to material failure or decreased water quality
and (iii) to select the optimum material for a given application [2].

A survey conducted within the Working Group Water Distribution Infrastructure at
Water Europe has shown that monitoring of water distribution infrastructure status was
one of the top priorities together with digitalization for water utilities at the European,
including in Sweden [3].

There are some tools on the market today to reach this goal, but they often work only in
special applications. For example, drinking water treatment plants today already collect
vast routine data describing their processes and distributed water and new methods
that provide highly detailed digital profiles of water usage and quality, for example,
digital water meters and flow cytometry, are also being integrated into daily routines
[4]. However, while the data collected are theoretically linked to each other, there is a
lack of tools and expertise to efficiently and correctly integrate these monitoring data
for support in decision making about infrastructure assets. One possible explanation for
this lack is the legal framework around drinking water that prioritizes measurements of
single parameters (i.e. indicator bacteria), although these requirements would be more
informative for the producers if integrated together with new data and new algorithms
[5, 6].

Although several evaluations using these tools have appeared, no report has
comprehensively examined the deterioration of, and maintenance management systems
for, drinking-water pipelines in the context of infrastructure aging from the point of
installation until the section is eventually replaced [7]. Regarding material and
infrastructure status for example, there is a big lack of online monitoring tools for
controlling and predicting water distribution infrastructure durability. Unlike leakage
detection and water quality monitoring systems, which are already quite developed,
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online corrosion monitoring is still scarce and requires more knowledge to determine
how this aspect can be better evaluated in combination with other collected data. It is
also important to underline that each aspect that is related to infrastructure health and
performance (corrosion, biofilm, water quality and leakage detection) are too often
studied separately. It is therefore difficult to get an overview of the whole infrastructure
status and there is a need to understand how collected data relate to each other and
what complementary data must be monitored.

The available equipment is also not adapted to a wide range of dimensions or different
types of materials. The cost per meter of inspected pipe is relatively high today, which
means that regular/repeated condition inspection of large parts of the water pipe
network seems unrealistic unless cheaper and more flexible technology is developed. In
the gas and oil industry, development in the area has come much further [2].

1.2 Objectives

The aim of the project is to accelerate digital transformation in the drinking water
distribution sector through activities that involve stakeholders throughout the value
chain to contribute to the sustainable development and the long-term management of
the built water distribution infrastructure.

The project aims to identify monitoring solutions to assess the status of the
infrastructure health and performance and develop tools to identify critical points in the
infrastructure and manage the built environment in a smart way. The project also
investigates new parameters, in addition to those already monitored in the networks,
that could be utilized in the management process. Testing has been done first in the
laboratory and then in the field scales to select optimal sensors and develop algorithms
that would allow efficient management of the data (analysis and handling of data) and
thus resource-efficient solutions that can be implemented directly in the network.
Prediction algorithms with respect to sensors used have also been investigated to
facilitate the identification of deviations in the networks.

The project is structured around three areas:
Monitoring (Rig test + pilot unit)

e Identify best practices and monitoring techniques regarding leakage, biofilm
and corrosion with focus on real-time monitoring

o Identify parameters that can be used to track these aspects

e Conclude on the impact of water quality on the degradation rate and biofilm
growth.

e Scale up (pilot/field scale)

e Investigation of installation and monitoring of biofilm maturation within new
pipes at full/field scale.

Al Focus:

o Identification of relevant parameters w.r.t leakages, corrosion and biofilm
e Processing of monitored data

10
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e Relationships between monitored data and occurrences of biofilm, corrosion
and leakage

Materials

e Focus on the internal part of the pipe
e  Materials: PE, Ductile Iron

1"
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2 Overview of best practices
and market technologies

A literature review of current research and methodologies relevant to monitoring the
health of drinking water infrastructure given above, with a particular focus on biofilm
formation, corrosion processes, and the potential for leakage detection, is found in [8].
A summary of the review is found in section 2.1 below. A market surveillance of most
relevant sensors for different aspects of water quality monitoring was performed, a
summary of the market review is given in section 2.2 below. The entire study is found in

[9].

2.1 Data processing and models

In the area of biofilm monitoring several studies that examine the formation, growth
dynamics, and detection of biofilms in drinking water distribution systems are available.
Biofilm development is influenced by factors such as pipe material, water temperature,
flow conditions, and nutrient availability. Traditional monitoring methods, such as
scraping and laboratory analysis, are being supplemented by advanced techniques
including fluorescence microscopy, DNA sequencing, and in situ sensors. One study by
Ramos-Martinez et al. [10] used machine learning models—specifically regression trees
and random forests—to predict biofilm growth based on a set of 15 parameters,
achieving high correlation with observed data. Another study by Liu et al. [11] provided
a detailed review of biofilm characteristics and monitoring technologies, emphasizing
the importance of operational conditions and pipe materials in biofilm control. Research
also shows that copper pipes initially inhibit biofilm growth more effectively than plastic
pipes, although this effect diminishes over time.

Regarding corrosion, both iron and copper pipe degradation is of importance. Iron
corrosion is shown to be a complex process influenced by a wide range of physical,
chemical, and biological factors. McNeill and Edwards [22] reviewed nearly a century of
corrosion studies and concluded that commonly used indices like the Langelier Index
are not reliable predictors of corrosion [12]. Sander et al. found that corrosion rates are
inversely related to free carbon dioxide levels and that calcium plays a role in corrosion
under low carbonate conditions [13]. For copper pipes, Galarce et al. investigated
microbially influenced corrosion (MIC) and found that the relationship between biofilm
age and corrosion rate is not straightforward, highlighting the dynamic nature of MIC
and the need for further study [14].

In the area where artificial intelligence and sensor data are used for leakage detection
and water quality management several studies demonstrate the potential of machine
learning models to detect leaks and predict water quality parameters. For example, Fan
et al. used artificial neural networks and autoencoder models to detect leaks based on
pressure data, with the autoencoder model performing well even with unbalanced
datasets [15]. Other studies applied Al to predict water quality indices and turbidity,
showing promising results in terms of accuracy and robustness. However, the review
also notes challenges with sensor reliability. Aisopou et al. [16] and de Winter etal. [17]
reported issues such as sensor drift, low accuracy, and data instability, which complicate
the integration of sensor data into operational decision-making systems.

12
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In summary, the literature review underscores the complexity of monitoring biofilm and
corrosion in drinking water systems and the growing role of Al and sensor technologies
in addressing these challenges. It also highlights the novelty of the Smart Infra project’s
approach, particularly in its integration of sensor data with predictive analytics to
support proactive infrastructure management.

2.2 Sensors

The market review focuses on sensors that are suitable for in-pipe or on-pipe
applications, with particular attention to their potential integration into distributed
water networks. The selection criteria emphasized technical feasibility, such as size and
robustness, while low maintenance was considered a secondary concern.

In the area of biofilm monitoring, the review identifies both optical and electrochemical
sensor technologies. Optical sensors, such as Aqua Color by Easy Measure B.V., BioDART
by Chem-Aqua, and SOL microTEK by SOL, use light-based methods to detect biofilm
formation. These sensors rely on changes in light transmission, fluorescence, or image
analysis to assess biofilm growth on sensor surfaces. Electrochemical sensors, including
those from Alvim CleanTech and Structural Integrity Associates (BioGEORGE4-BG4),
detect changes in electrochemical activity at the surface-biofilm interface. These sensors
are highly sensitive and capable of early detection, although they can be affected by
fluctuations in water chemistry. The BioGEORGE4 sensor, for instance, uses a stack of
metal discs and measures current changes caused by biofilm conductivity, offering early
warning capabilities.

For corrosion monitoring, the review highlights ultrasonic and electrochemical
techniques. Wi-Corr’s UT system uses ultrasound to measure wall thickness with high
precision, enabling early detection of internal corrosion and erosion. COSASCO offers
several systems, including the LPR Continuous corrosion rate transmitter and the
Microcor Data Logger, both based on linear polarization resistance (LPR) methods.
These systems are suitable for a range of water conductivities and are designed for long-
term, remote monitoring. ProMinent’s LogR Corrosion Monitor also uses LPR
technology. Additionally, acoustic emission sensors, such as those from Vallen Systeme
GmbH, are used to detect material cracks by passively “listening” to structural changes.

Leakage detection is addressed through several technologies. Xylem Pure Technologies
offers the SmartBall system, which travels through pipes to acoustically detect leaks.
Pressure sensors and flow meters from companies like Siemens, Smart Measurement,
Uponor, and Hach are also used to identify leaks by detecting pressure drops or low flow
rates. Uponor provides a comprehensive leakage monitoring service under the name
Uponor Infra Water Monitoring Services.

The review also discusses indirect sensing methods that can indicate changes in pipe
conditions. Uponor’s Qumo system continuously samples water to measure parameters
such as temperature, conductivity, turbidity, and particle count. Using machine learning,
it can identify anomalies like the presence of coliform bacteria. Other indirect indicators
include distributed pH measurements, flow cytometry for bacterial counts, and
conductivity or turbidity meters that can signal corrosion or pipe decay.

Finally, the document outlines sensor technologies developed in-house by RISE. These
include an impedance spectrometry system for detecting changes near electrode
surfaces, a low-cost flow cytometer for microbial analysis, an electroactive biofilm

13
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sensor originally developed for seawater but tested in drinking water, and a corrosion
sensor based on electrical resistance for monitoring iron pipe degradation.

Overall, the market review presents a diverse range of sensor technologies that are
either commercially available or under development, offering various approaches to
monitoring the health and performance of drinking water infrastructure with a focus on
biofilm, corrosion, and leakage detection.

In addition to the market review an inventory of sensors and measuring technologies
used by the project partners at the beginning of the project was performed. The
summary of the technologies applied are given in Table 1.

Measurement systems
applied by the project

partners Tabell 1
Partner Leakage detection Biofilm monitoring Corrosion monitoring Online
system
Boras Energi och Miljé Smart meters (Uponor, Indirect via particle alarms No direct measurement Yes
test phase) (smart
meters)
Vivab Flow & pressure meters  Flow cytometry (lab & No direct measurement Yes
(online) online)
Veolia Acoustic correlators, flow Lab water analysis Calcium carbonate No
meters (bacteria, chlorine) equilibrium (monthly)
SVOA Manual detection, acousticManual sampling, lab - No
listening analysis
Norrvatten Flow meters (online), leak Flow cytometer in Indirect via water Yes
detection teams reservoir (online) samples, sacrificial
anodes
Global Omnium Pressure/flow meters, Manual sampling Not directly monitored  No

hydraulic models

14



SMART BUILT

3 Monitoring of infrastructure
health and performance

Two laboratory rig tests were performed in an experimental system at RISE corrosion
laboratory in Kista. The water rig contain five different lines were samples (e.g. pipes)
can be exposed individually to water. The water rig is equipped with several sensors and
sampling points that enables controlled test were both the material's impact on the
water and vice versa can be studied. The objective with the first test was to determine
and explore optimal parameters to accelerate material-interactions in order to study
biofilm, corrosion and leakage events. The first test included several methods for water
analyses as well as techniques for determining material degradation of exposed pipe
materials. The lessons learned from the first rig-test were used for the second laboratory
exposure tests, field-tests and also used for the Al-part of the work, together with the
monitored data on relevant parameters.

The objective with the second rig test was to test suitable sensors under controlled
laboratory conditions and to compare data from new and aged water pipes. Technical
reports containing all information and results related to the laboratory exposures are
included in [18] and [19].

3.1 Experimental

3.1.1 Materials

The pipe used in the laboratory tests were supplied by SVOA and Global omnium
respectively. In the first rig test new pipes were exposed and during the second test both
new and old pipes were exposed. Information about the pipes is summarised in Table 2.
Pictures of the pipes before exposure in test 2 are shown in Figure 1.

Pipes exposed in rig

tests. Tabell 2
Rig test Supplier of pipes Type of material Diameter (mm)  Water Age

1 SVOA PE 110 - New

1 SVOA Ductile iron 100 - New

2 SVOA PE 110 - New

2 Global Omnium Ductile iron 150 - New

2 Global Omnium PE 200 Valencia 20 years

2 Global Omnium Ductile iron 100 Valencia 20 years

15
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Figure 1: Pipes supplied by Global Omnium and SVOA. The pipes marked with * were installed in the water rig.

3.1.2 Exposure conditions

The water cycle used to simulate field conditions in the reference test at laboratory scale
were based on different standards (EN 15664, NKB 4 and KTW). Different cycle length
was evaluated in order to find conditions that accelerate corrosion and biofilm
processes. In the second test 24 h of stagnation was applied (except for weekends) based
on the experiences gained during the first test.

Each exposure period starts with emptying of the stagnant water, followed by filling of
the system. The flushing time started after the system was refilled with water. The
contact time is the time with stagnant water in the pipe specimen. Water was flushed for
ca. 2 minutes between each period shorter than 3 days and ca. 15 min after stagnation
period of 3 days. The flow rate during the flushing was approximately 5 1/min. The total
exposure time was 49 days and 60 days respectively in rig test 1 and 2.

Stockholm tap water supplied to RISE water laboratory in Kista was used for the
flushing of the pipes. The water quality parameters before inlet to the water rig is
summarised in Table 3.

16
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Water quality parameters of

water supplied to the test rig. Tabell 3
Parameter Unit Water rig inlet  Water rig inlet test Water rig inlet test
test 1 2- start 2- stop

Turbidity FNU 0,15 <0,1 <0,1

pH 8,1 8,0 8,1

Alkalinity mg HCO3/I 81 65 67

Conductivity mS/m 31 28 28

Chloride mg/| 19 17 16

Sulphate mg/l 49 48 44

COD-Mn mg 02/ 3,1 2,4 3,8

Nitrate mg/| 1,4 1,1 1,2

Potassium mg/| 2,8 2,8 2,6

Calcium mg/| 35 34 31

Hardness ‘dH 6,0 54

Iron mg/l <0,0050 <0,0050 <0,0050

Magnesium mg/| 5.1 51 46

Lead mg/| 0,00056

Copper (acidified) mg/I 0,23

Copper (digested) mg/I 0,25 033 023
3.1.3 Water sampling, water analyses and sensors

Water samples were collected during both rig tests from each line at the pipe outlet, see
position indicated in Figure 2. Analyses of the water samples were carried out in an
external accredited laboratory.

Conductivity, pH and dissolved oxygen (inline analyses) was measured throughout the
exposure in the water rig, see positions indicated in Figure 2.

Table 4 summarise the different types of sensors demonstrated in the two different rig
tests.

17
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Sensors demonstrated in

laboratory rig tests. Tabell 4

Type of sensors Experiment & Pipe Description
line

Biofilm Rig test 1 — line New PE Prototype Impedance biofilm sensor
3 (RISE in house)

Corrosion Rig test 2 — line New and aged Electrochemical — 3 way electrode
3and5 ductile iron potentiostat.

Biofilm Rig test 2 — line Aged PE Bioelectric sensors with Zn anodes and
4 cathodes of SS and Ti. (Supplied by

Institute de la corrosion)

Corrosion Rig test 2 — line Aged ductile ironElectrical resistance. Cast iron probes.

5 (Supplied by Institute de la corrosion)

Figure 2: Pipes and sensors installed in laboratory test rig in rig test 2,

314 Material degradation analyses

The pipes from rig test 1 were analysed by different techniques and methods in order to
identify correlation with material data and water analyses that could be utilized in the
smart management process of the water infrastructure. A summary of analyses before
and after exposure in the experimental system is shown in Table 5 and Table 6 for PE
and ductile iron pipes respectively. All details about the experimental techniques are
described in [18].

18
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Analyses PE - rig

test 1. Tabell 5
Analyses Before exposure After exposure
Chemical changes and - X

oxidation, chlorination:
FTIR, line scan and cross
sections, SEM-EDS

Loss of stabilizers: DSC X X
OIT, crystallinity

Microscopy biofilm - X
Degradation products in - X
water (anti-oxidant) GS-

MS

Analyses ductile

iron - rig test 1. Tabell 6
Analyses Before exposure After exposure
SEM-EDS corrosion - X

products

Surface roughness X X

Microscopy biofilm - X

3.2 Results

3.21 Water rig test 1

The first rig test where new PE and ductile iron pipes were exposed to tap water
originating from SVOA showed that the water pipes can be exposed and tested in the
experimental facility. However, no major changes of the exposed pipes (surface
roughness, degradation products, chemical changes and oxidation) were registered
during this short exposure period. This finding was expected since the exposure time
was very short compared to the lifetime of water distribution infrastructure. To
accelerate the degradation of the material being tested and to be able to measure any
degradation of the material or substances released into the water, there are two
possibilities. The first is to increase the aggressiveness of the water, the suggestion was
to increase the temperature, the content of chlorides and free chlorine. The second
option is to expose old pipes and measure their interaction with the water through both
inline analyses and water sampling - the latter option was used in the second rig test.

Investigation of the inner surfaces of the exposed pipes confirmed that both corrosion
and biological activity occurs. Figure 3 shows SEM images of the ductile iron surfaces.
Image (a)-(c) indicate the presence of microorganisms. While image (d) contains

19
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deposits of Ca-Mg-0O compounds. Possible microorganisms were also identified on the
inner surface of the PE-pipe after the exposure, see Figure 4. These findings indicated
that detection of biofilms by sensors could be possible.

20
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Figure 4: SEM images of inner surfaces of PE-pipes immediately after the exposure.

3.2.2 Water rig test 2

Exposure test 2 lasted for approximately 60 days. During that time pipes were mostly
submerged in near stagnant conditions. The pipes were flushed regularly three times
per week, 15 minutes at the beginning of each week and after 3-5 days of stagnation and
three minutes after 24 to 48 hours of stagnation.

Due to technical reasons, the old pipes that were supplied to RISE were not sent
submerged in water. This might have lead to drying of preexisting biofilm and
termination or at a very minimum, the alteration or adaptation of any life within the
attached biofilm. Aged ductile iron pipe also had inner structural damage that caused
constant leakage during flushing, inner scale and biofilm residue that affected water
quality parameters (means and ranges of analyzed parameters) are shown in Table 7.

21
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Means and ranges of analytical

variables during rig test 2. Tabell 7
Parameter Mean Range

pH 8,1 7,3-10,8
Alkalinity (mg HCO3/1) 66,7 39-96
Conductivity (mS/m) 29,5 15-73
Chloride (mg/l) 17 15-53
Sulphate (mg/l) 49 38-230
COD-Mg, (mg O2/1) 3,5 2,5-49
Calcium (mg/l) 33 25-95

Iron (mg/l) 0,19 <0,0050-4,2
Hardness ("dH) 5,6 4,7-18

Most of the highest values are measured in line 5 (aged ductile iron pipe) at the
beginning of the exposure, probably due to effect of inner scale and biofilm residue from
the old pipe.

The highest values of iron are present in line 5 with aged ductile iron pipe. There is also
some iron residue in the water in line 4 as shown in Table 7, which might have been
transferred during flushing. The values of measured parameters, within minor margin
of error, towards the end of experiment, are almost equal to those of the tap water and
water at the inlet of the rig.

Indicators for the theoretical determination of corrosive and aggressive water character
are used to theoretically predict whether certain water is corrosive and aggressive. The
term aggressiveness usually refers to the effect of dissolved CO2 on calcium carbonate
and the term corrosiveness to the effect of certain parameters on the metal. The use of
the indices complements experimental tests and contributes to a more complete and
objective assessment of water properties. Means and ranges of indices (Larson-Skold
index (LS index), Chloride/sulphate mass ratio (CSMR), Langelier saturation index (LSI)
and theoretical corrosion rates (CR)) are presented in Table 7.

Means and ranges of LS index, CSMR,
LSI and CR for lines 2-5, tap and inlet

water. Tabell 8
Index Mean Range Tap Inlet
LS 0,96 0,64-1,99 1 0,9
CSMR 0,39 0,12-1,23 0,35 0,36
LSl -0,53 -0,70-2,65 -0,43 -0,42
CR, mm/year 0,27 0,21-0,77 0,2 0,3
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Larson-Skold index values for all lines as seen in Table 8 are 94.7% in the range from 0.8
to 1.2, which means that chlorides and sulphates present in the water may influence
natural scale film formation on the surface of the material. Also, higher corrosion rates
can be anticipated. There are 4 exceptions, one in line 2 and line 5 and two in line 3. All
these values are higher than 1.2, which in these cases water shows a tendency to have
higher corrosion rates.

For the Chloride/Sulphate Mass Ratio data, 96% of all data is in the range of 0,32 to 0,42
which means water has moderate corrosion potential. One deviation showed that water
in line 3 had a value of CSMR 0,12 which shows the water had low corrosion potential.
Two other irregularities had values of CSMR 1,1 and 1,23 in line 2 and line 5 and
alkalinity of 69 and 51 mg HCOs/] which also indicates that the water had moderate
corrosion potential.

Langelier saturation index wich determines the tendency of the water to scale in relation
to CaCOs. Values are all negative for lines 2, 4 and 5 which show that water does not have
potential to form scale on the pipe surface. Only few readings in line 3 at the beginning
of the exposure show that scaling can form CaCOs.

The results of calculations of theoretical corrosion shows that the rates are highest at
the beginning of the exposure with the highest value of 0,77 mm/year in line 5 and then
drop down towards 0,27 in the mean in mm/year, which is in line with the presumption
that corrosion rates fall in time, after protective film formation on the surface, under the
condition that water quality parameters do not change. IC’s ER corrosion sensor
measured corrosion rate of approximate 0,125 mm/year in lane 5, which is a bit lower
than the previous model calculated.

Electrochemical measurements of the new ductile iron pipe in line 2 characterized its’
corrosion behaviour after 60 days of stagnant contact with ambient Stockholm drinking
water. The corrosion of ductile iron is clearly affected by the status of the CM liner which
agrees with literature works [6]. Corrosion rates of 0,08 mm/yr and 0,02 mm/yr were
obtained after 60 days for uncovered and 90% covered cast iron respectively, as shown
in Figure 5. Sample 2, 90% CM lined ductile iron was slowed down after 10 days due to
the formation of corrosion products associated with calcium-based scale. This case
showed a corrosion rate of 0,09 mm/yr after 50 days of immersion in the highest
conductive tested water (120 ppm of Chlorides and 240 ppm of sulphates).
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Figure 5: Corrosion rate for lined ductil eiron pipes after 60 days exposure in the water rig (sample 1: new pipe, sample 2 aged pipe).
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Biofilm growth was monitored in three ways, by water analyses which were conducted
by Eurofins laboratory, by IC’s biofilm growth sensor and by toothbrush swabs that
were intended to be analysed with DNA Sequencing method later on in the project, by
project partner LUND University. However, due to insufficient sampling reporting, this
was not conducted and other sequencing in a full scale study was prioritized (see
section 6).

The following parameters were available from Eurofins reports: slow growing bacteria,
cultivable microorganisms at 22°C. escherichia coli, coliform bacteria at 35°C.
presumptive Clostridium perfringens, intestinal enterococci, yeast fungus, mold fungus,
micro-fungi, and actinomycetes. Figure 6 shows average detected number of
microorganism and bacteria per sampling position.
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Figure 6: Average detected number of microorganisms and bacteria per sampling position.

Compared to the tap and inlet water bacteria values, it is visible that there was a certain
microorganism and bacteria growth in the water due to interaction with the inner part
of pipes during exposure. Pipe flushing did not influence to a big extent their removal
from the inner surface of the pipes.

IC’s biofilm sensor as seen in Figure 7 did not detect clear biofilm growth in line 4 of
the exposure test. During the experiment there was a water overflow from the sensor
cases, thus removing biofilm, which might have influenced this result.

Results of the measurements are shown in Figure 7 and Figure 8 for the Biofilm and
corrosion sensors respectively. There is no clear biofilm growth after 56 days of
immersion, though there is a good reproducibility of the results on different sensors. ER
corrosion sensors proved that they can be used in both flush and non-flush
configurations. Results may not be fully accurate due to potential localized corrosion
attack at the beginning of the exposure.
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Figure 7: IC Biofilm sensors measurement results.
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4 Data management and
machine learning

This part of the project developed statistical and machine learning models to classify
pipe types and assess the corrosivity of the water to which the pipes are exposed. The
development, training and evaluation of the models used data from the rig tests. Data
from facilities with and without corrosion problems were analyzed to identify
correlation parameters between water quality and pipe conditions. Tests of the machine
learning models were performed on data from the project partners’ analysis reports.
The purpose of the models is to determine pipe materials and estimate pipe
deterioration, based on the properties of the water in the pipes, in the existing systems.
In the longer term, such models have the potential to serve as support for pipe material
selection and for modifying water properties to improve water quality in the pipes, pipe
standards and maintenance of the pipe infrastructure. Full details can be found in [20].

4.1 Introduction

In general, the project aims to support drinking water producers in:
1. assessing the condition of their infrastructure;

2. predicting network disruptions caused by material failure or reduced water
quality and

3. select the optimal material for a given application.

One of the tasks for drinking water suppliers is to adopt water properties to the pipe
system so as not to cause deterioration of the infrastructure, which is a difficult task and
which becomes even more difficult with pipe systems consisting of pipes several
different materials and types. This section gives examples of how some of the data made
available by the water supply companies can be used to support them with respect to
the aims and tasks mentioned.

4.2 Data

A major part of the work in this part of the project concerned preprocessing of data. The
data from the water companies and rig tests are in many different formats and
structured in many ways, each kind requiring its own way of parsing to a format and
structure suitable for the data analysis. In some cases, the samples are divided into
biological and chemical tests. If two such samples are close in time they are merged into
one sample.
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4.3 Finding new candidates for corrosion indices
based on data from Norrvatten

This section is concerned with the question of what characterizes water that causes
corrosion. By [12], iron corrosion is one of the most complicated and costly problems
facing drinking water utilities. One way of assessing corrosivity of water in drinking
water distribution pipelines is by corrosion indices such as Langelier Saturation Index.
It's usefulness as a corrosivity indicator is however questioned. Let’s cite [12]:

“This paper reiterates conclusions of prior studies regarding the Langelier Index—
despite its continued widespread use, the Langelier Index does not provide an effective
means of controlling iron corrosion.”

In the following we describe a method to use water measurement data to generate
corrosion index candidates; indices which are aimed at assessing the corrosivity of
water. The data from a Swedish water company is used. It concerns five facilities: A, B,
C, D and E. It's known that corrosion occurs in facility B. Corrosion indices are normally
defined in terms of a few parameters, which are considered relevant for detecting
corrosion, even though water measurement data, such as that from the water company,
generally consists of measurements of many parameters. The idea with the method
described here is to make experiments with different subsets of parameters to see if a
“good result” is obtained, where a good result means to find an index that clearly can
distinguish corrosive and non-corrosive water, given water measurement samples.

A number of tests were undertaken to find a set of a few parameters that resulted in a
good result. Such a set of parameters was found. Figure 9 below shows normalized
parameter mean values for these parameters.
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Figure 9: Parameter mean values from 5 different stations at a Swedish water company.
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Using the mean values for these parameters for each of the stations and solving a
linear equation system a function, in the parameter values, is found which is one
for the mean values of B and zero for the mean values of each of the other stations.

1 ifs=DB

0 otherwise

LB (me) =

This is hence a new corrosion index candidate. A statistical test, a t-test, is made,
using all data from all stations of the chosen parameters to see if this function
clearly can distinguish B from the other station. The result of the test is that the
found index clearly distinguishes the water data from B from the water data from
other stations. This shows that it is possible to find candidates for novel corrosion
indices by water data, given that the data is labeled as corrosive or not.

However, there are several sources of uncertainties and errors that make the exact
form of the proposed corrosion index questionable.

Assigning the value 1 to B and 0 to all other facilities means that the water in B is
corrosive and that the water in the other facilities is not corrosive at all. This may
be completely wrong. It may even be the case that one of the other facilities has yet
unknown problems with corrosion. Another source of error concerns the number
of facilities, they are few and there is just one facility with corrosive water. The
chance of capturing exactly the right properties of corrosive water using only water
from a single facility is small, especially as the space of possible indices is enormous.
In addition, there may be unknown sources of uncertainties, such as instruments in
need of calibration and other measurements errors. Such errors may have a large
impact on the resulting index candidate. The proposed method on the other hand
can be useful for finding novel corrosion indices, together with thorough analysis
of uncertainties, reliability of data and tests to assess index accuracy.

4.4 Neural Networks used for pipe classification

The previous section proposed a method to use a few water sample parameters from
several facilities for assessing corrosion. This section will show how all available
parameters in the water samples from one of the water companies can be used by
machine learning techniques for classifying pipe types and pipe status. At least all
available parameters common to the samples from one water company and the rig tests
are used.

Rig tests have been conducted twice during the project, in 2022 [18] and 2024 [19]. The
tests include pipes of four known types, specified depending on whether they are old or
new and whether they are made of plastic or iron. Another source of data is from
different pipes from a water company.

The idea is to use the data from the rig test pipes, with known types, to classify the water
company pipes. Of the common data parameters from the two sources, both biological
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and chemical, 26 were found to be useful. Parameters with no or only one value in the
rig test data are for instance not useful.

A simple neural network, a logistic regression model, is first used for classifying the rig
test pipes, where the model's accuracy is assessed by dividing the pipes into training
and test sets, training the model on the training set, and assessing the accuracy on the
test set. After this the trained model is used to classify the pipes from the water
company, based only on their water quality data. The training and testing procedure is
repeated a number of times to get an idea of how reliable the classification method is. In
each such run the rig test samples are randomly divided into a training and test set.

The following table shows the results of repeatedly training a model on the rig test data
from 2024, assessing its accuracy, using it for classifying the water company pipes and
finding which parameters have the largest impact on the classification. In this first
experiment the classification is only iron or plastic pipe. The total number of rig test
samples is 48 and the total number of samples from the water company is 270. We
observe a high accuracy in classification of the rig test pipes and that the water company
pipe samples are mainly classified as iron pipes.

However, as is observed in the table, the number of water company pipes samples
classified as iron varies a lot, from 135, which is 50%, to 208, which is 77%. After the
analyses were carried out, information has emerged that the majority of the companies
pipes are made of plastic. It may still be the case, though, that the majority of the number
of analysed samples are from iron pipes. It may also be the case that the water from a
sample has passed several types of pipes, including both plastic and iron pipes. How that
would affect classification is difficult say.

epochs accuracy | iron class pipes neg. impact pos. impact
rig vivab most next most next

5000 1.0 | 24 189 turbidity  sulphate pH manganese
5000 0.9 | 25 195 turbidity  sulphate pH potassium
5000 0.7 | 24 208 turbidity sodium pH potassium
20 000 0.8 | 19 167 | potassium color sodium nitrite nitrogen
20 000 0.8 | 24 159 turbidity  sulphate pH sodium
20 000 0.8 | 25 191 sulphate turbidity pH potassium
80 000 0.8 | 23 187 sodium  sulphate pH potassium
80 000 0.9 | 28 135 sodium chloride | potassium turbidity
80 000 1.0 | 25 173 sulphate turbidity pH magnesium

The table below shows the result of an attempt to classify the pipes in four different
classes: old or new and plastic or iron. It shows that the age accuracy (age acc) is not as
good as the material accuracy (mat. acc).
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Rig Vivab

mat. acc age acc plastic iron plastic iron
old mnew old new old new old new
1 1.0 0.4 11 12 10 15 54 23 33 160
2 0.8 0.6 12 16 11 9 72 9 97 92
3 0.8 0.6 7 14 11 16 56 24 97 93
4 0.8 0.4 11 15 16 6 75 11 123 61
5 0.7 0.6 11 14 11 12 83 15 109 63
6 0.8 0.7 16 10 12 10 | 110 14 67 79
7 0.8 0.7 15 12 16 5 16 26 166 62
8 0.8 0.6 10 11 12 15 40 24 75 131
9 0.8 0.8 7 18 10 13 | 115 31 59 65
10 0.9 0.7 5 8 12 23 25 31 85 129
mean 0.82 0.61 | 10.5 13 121 124 | 64.6 20.8 91.1 93.5

Finally, the table below shows the result of classifying pipes as old iron pipes or not. It
shows a high accuracy for the rig test pipes but a rather high variation in the number of
the water company’s pipes classified as old iron pipes.

accuracy | old iron pipes neg. impact pos. impact
rigg vivab most next next most

1 0.9 12 107 turbidity color calcium slow growing
2 0.8 11 54 iron pH | nitrite nitrogen nitrate
3 1.0 11 82 turbidity color sodium slow growing
4 0.9 11 93 turbidity iron nitrate calcium
5 0.8 11 63 iron pH | nitrite nitrogen nitrate
6 1.0 11 52 iron alkalinity sodium nitrate
7 1.0 11 48 iron alkalinity color slow growing
8 1.0 11 45 iron alkalinity color slow growing
9 0.9 10 19 | manganese iron color alkalinity
10 0.9 14 30 iron pH color turbidity

The classification attempt on the water company pipes described above was done
without any data from the water company on the types of pipes, for instance there age
and material. With more data from the water company, there is a potential to use this
data alone to obtain interesting information about the pipes in that system. Examples of
such information are that corrosion and biofilm growth are likely to occur in places
where they are not expected. In general, it should be possible to determine the pipe
status in the pipe infrastructure, in order to get an idea of the future maintenance needs.
Being able to follow the change in pipe status over time should also be interesting for
assessing maintenance needs.

Data on the pipes all the way through which the water flows to the sampling point may
be needed, and possibly some data on the water entering the system, in case this water
changes over time. Data on the known status of a number of pipes would also be needed.
Given this data, it is hopefully possible to do experiments similar to those done on the
rig, as described above, although it is not certain in advance exactly what the classes will
be, as the water may have flowed through a variety of pipes up to the sampling points.
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5 Observations from full-scale
drinking water system test

The development of the water-borne microbiome in newly installed polyethylene pipes
of a non-chlorinated drinking water distribution system was studied over a period of six
months. Water samples were taken from two identical newly installed pipes (“NP1”,
“NP2”) and from a reference point with more mature biofilm at equal distance (“DS1”)
in the same distribution system. These water samples were first filtered and then DNA
was extracted from them using FastDNA SPIN™ Kit for Soil, prior to full-length 16S rRNA
amplicon sequencing using Oxford Nanopore MinlON. Due to the low biomass amounts
in the samples, the results were partially masked by a large contamination of
Pseudomonas, likely originating from the extraction kit. The study found that the
microbiome in NP1 and NP2 was not dependent on the pipe of the sample (p=0.68) but
rather developed identically in parallel, suggesting that the development was largely
deterministic and influenced by material and water quality characteristics.
Unfortunately, there seemed to be large sampling variation, introducing uncertainty into
the study. The time from start of commissioning seemed to be the primary factor (~20%
variance explained, p<0.001) in explaining the variance of the samples, which was
expected as the pipes did not contain any biofilm at the start of the study and developed
a stable biofilm at the end of the 6 month period. The microbiome of NP1 and NP2 was
very different from DS1 at the end of sampling. As sampling ended, it is not known if the
biofilm would continue to develop to be more similar or if the biofilm in the new pipes
would become an independent and distinct community. Previous examination of biofilm
in this DWDS [21] has shown that locations differing by only a few hundred meters had
distinct biofilm population structures, although in that study, a gradient of
monochloramine was present that likely contributed to the diversity.
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Figure 10: Selected dynamics in the bacteria present in the water during biofilm formation in new PE pipes. A: Principal coordinate
analysis plot on the differential dataset showed that the bacterial community changed over time. Each point represents the microbial
community of one biological replicate (water sample). Distances were calculated using Bray-Curtis. Only NP1 and NP2 samples are
included, and the number following NP indicates number of days after water had begun to enter the pipe. The number after the decimal
indicates a technical replicate. The arrows point from each mean of the groups in chronological order. Colours represent period in time, or
status as reference sample. B Adjusted pseudoabundance of reads associated with taxa Roseateles, showing a marked increase around
day 70.
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Prominent taxa in the new pipes included Gaiella, Aquabacterium, Rhodoferax, and
Pseudomonas, with Curvibacter possibly serving as a secondary biofilm colonizer. Taxa
that changed significantly in abundance through the period were identified using linear
regressions and statistical testing (p<0.05). Among these were Patulibacter, a soil
bacteria thought to be a contaminant which decreased throughout the period, and
Roseateles, a plastic-degrading bacteria that increased throughout the period. Both of
these were unique to the new pipes. A population bloom of predatory Bdellovibrio
bacteria was observed four months after start of commissioning, likely in response to
instability in the microbiome.

DNA-based tests, such as qPCR could be developed to these specific targets to be able to
assess the maturing of biofilm development in new PE pipes. As the identification of the
different taxa was scaled using FCM measurements, it also showed dynamics in the
system, suggesting that quantification of these targets could give time-resolved
information to communicate how long it will take before the biofilm on the PE surface
stabilizes.

However, it is important to note that the full-scale drinking water distribution system
used in this study is supplied with ultrafiltered water which, although subjected to UV
disinfection, is distributed without any chemical disinfection residues.

Other systems that contain higher bacterial cell counts and nutrients either in the form
of monochloramine or AOC in the final tap water may exhibit different behaviors,
including distinct bacterial taxa.
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6 Discussions

The aim of the project was to accelerate the digital transformation in the drinking water
distribution sector through activities involving stakeholders across the value chain to
contribute to the sustainable development and long-term management of the built
water distribution infrastructure.

The project has identified several monitoring solutions to assess the health and
performance of the infrastructure and demonstrated tools to identify pipe type and
water corrosivity. These tools can be further developed to identify critical points in the
infrastructure and manage the built environment in a smart way. The project has
investigated a large number of parameters (water parameters and material
parameters), in addition to those already monitored in the networks, that could be
utilized in the management process. By analyzing water quality data from project
partners, a new linear index was developed that distinguishes one site—where
corrosion is known to occur—from other measurement points. Machine learning
(logistic regression) was used to classify pipe materials and pipe age based on water
quality data. This was the first step to train the model to make a difference between
different types and quality of pipes and to apply models based on data from laboratory
with data from drinking water network. Experiments on laboratory test rig data showed
that it is possible to use these methods to identify whether a pipe is made of iron or
plastic with high accuracy. The classification of pipe age is less accurate.

The results of applying the models, trained on laboratory test rig data, to data from
partners gave however gave results that varied a lot, from one experiment to another.
Hence, the classification of the partners’ pipe samples is to be considered to be less
reliable. It may possibly be the case that the sampled water from the partners has passed
through a set different types of pipes up to the sampling point. If so, the sampled waters
properties may be of a kind which is rather different from the water classes in the test
rig data. The conclusion is that new methods for assessing water corrosivity and pipe
condition are promising, but the results are sensitive to measurement errors and
require further development and validation.

During the project, data from laboratory tests and the field (the drinking water network)
was used to develop algorithms that, with further development, could enable efficient
data management (analysis and management of data) and thus resource-efficient
solutions that can be implemented directly in the network.

The work within SMARTINFRA demonstrates that it may be possible to identify
corrosive water and classify pipe materials using data-driven methods.

Sensor data prediction algorithms need to be further developed and one of the biggest
challenges for implementation is making the necessary adjustments to the sensor design
to suit the drinking water network and its specific conditions, as it has been shown that
some sensors differ from how they are used in other areas and applications. They can
be used to investigate and facilitate the identification of anomalies in the networks.

The implementation of the results of SMART-Infra will contribute to the development of
high-quality, reliable, sustainable and resilient infrastructure by upgrading technical
capacity and increasing the efficiency of resource use.
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Investigation of biofilm growth on new pipes in a full-scale system showed that flow
cytometry can be used to follow the development of the biofilm and the identification of
a particular type of bacteria, known to break down plastic materials, suggests that the
PE material may be a nutrient source for bacteria in drinking water.

Furthermore, the observation that the bacteria in the water were very similar in both
pipes suggests the influence of both the specific water quality and the material used in
the selection of populations, as a biofilm that would have formed more randomly would
likely not have been as similar. New pipes may thus affect water quality by stimulating
specific bacterial growth, although more work is needed to understand the impact of
new materials, such as iron.

6.1

Results and effects

Figure 11 shows the relationship between results generated during the project and the
short/long term impacts with respect to the Smart Build Environment’s impact logic.

Smart Built
Environment
TImpact Logic 2.0

SMART-Infra

Results generated by the project (2021-2024)

Improved information Flow

* Classification of data and corroboration
with drinking water network’s behaviour
by comparison of rig test and data from
drinking water network

+ Information on critical data allowing
assessment of infrastructure well-being by
new way of data analyses by using
models and neural networks.

Streamlining

= Scalable and applicable monitoring
technologies for asset’s health and
performance. Demonstration of sensors
have shown limitations and possibilities
and pointed out areas for improvement to
use sensors in drinking water network.

A climate change perspective

* Prediction scenarios of drinking water
network mfrastructure state (Performance
and Health). Start to explore deep
analyses of water quality and its
correlation to infrastructure health.

Knowledge-building and r

* Innovative form of collaboration between
water utilities, technologies developers,
R&D groups, technologies platform
(Water Europe) and Oil and Gas sector by
collaboration.

+ Test of monitoring technologies at pilot
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Hghligthed the challende of access to
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measure in systems compared to in
laboratory.

Digital transformation

= Knowledge sharing between different
organisations and sectors on best practises
has been done and focus on using existing
data in predicting infrastructure health.

Short-term effects (2025)

Long-term effects (2030)

m

Improved information Flow

+ Increased open-access data for maintenance of
drinking water infrastructure

+ Improved ability to use Al

Streamlining

+ Increased productivity in the sector

* More efficient use of materials

+ More efficient decision-making processes at the
waster utilities

A climate change perspective

+ Better support regarding analysis and decision
support for maintenance of mnfrastructure

+ Prediction and reduction of leakage

Knowledge-building and renewal

+ R&D environments established for increased

interaction along the water value chain (the

sector’s actors, higher education institutions

and research institutes) and other sectors such

as Oil and Gas

Increased interactions at the international level

Increased innovation capacity in the sector in

terms of sensors, monitoring technologies and

data management

Digital transformation

+ Learning organisations on these new
technologies

.

N

New services or technologies
for monitoring of asset's health
and performance available on
the market

Sustainable drinking water
infrastructure via suitable
material choices for pipeline
networks and facilities

33% Reduction in costs and
maintenance time m terms of
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and mamtenance of the
infrastructure

40% Reduction in climate
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Figure 11: SMART-Infra short and long terms impacts with respect to Smart Build Environment’s impact logic.

L__and sustamable infrastructure
+ 0% of unplanned breakdowns

Through SMART-Infra, multiple stakeholders related to drinking water have
collaborated to develop solutions and technologies to facilitate the assessment of
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drinking water asset’s health and performance. We have looked at monitoring
technologies (sensors and data analysis) that can be further developed and adapted
implemented in the near future to support end-users in their maintenance process in
terms of:

(i) New services and technologies that can be applied in the drinking water sector
(ii) Time and cost savings due to online monitoring and planned maintenance activities

(iii) Sustainability of the infrastructure via suitable choices of materials and reduction
of leakages

The project has supported progress toward the achievement of sustainability goals at
the water utilities in relation to the 2030 Agenda for Sustainable Development, adopted
by all United Nations Member States in 2015. For the partners of this project, this
includes: - Ensuring a sustainable infrastructure for drinking water in a rapidly
growing city using new, innovative solutions and working methods.

- Contribute to the development of robust systems to secure the supply of drinking water
and preserve the high-water quality.

- Forefront collaboration with others to find sustainable solutions and meet the needs
of both current and future generations.

- Make sustainable choices by using own facilities to test new, innovative solutions and
inspire employees and visitors to a sustainable lifestyle.

- Reach a business resource-positive (positive climate impact) by ensuring sustainability
of the entire supply chain.

- Reaching the zero vision for unplanned drinking water supply disruptions - Increase
the pace of renewal of the pipeline networks and other facilities.

- Reaching a high level of operational reliability and safe deliveries without disruption
through smart and efficient technologies. Technologies developers will benefit from
reinforced dialogues with end-users (water utilities) and research bodies by:

- Developing an Al-tool that can process their data together with other relevant data.
The role of data sources and format of data could be something to standardize in the
future to make the data suitable for Al tools. It could be an addition to the Al tool
developed by SVOA [2] that focus on external parameters without taking water quality
into account.

- Reducing the time-to market of new digital systems and technologies which have been
previously tested and developed for other sectors to meet end-users needs. -
Strengthening their competitiveness.
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7 Conclusions and future
work

The lessons learned from the rig-test are input to future field-tests as well as relevant
parameters to be used in the Al-part of the work. The experimental work comprises
demonstration of biofilm sensors based on bioelectric techniques with zinc anodes and
cathodes made of stainless steel and titanium. Electrical resistance sensors were tested
for evaluation of corrosion of cast iron probes in the water rig. In addition to the sensors,
electrochemical measurements were performed on the actual pipe material to measure
the corrosion rate throughout the experiment. All techniques showed both possibilities
and limitations, highlighting the need for further improvements before installation in
field tests. The test results, both from the sensors and the water analyses, are important
for data analysis and the development of Al tools.
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