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Abstract

Municipal governments have the responsibility to provide safe drinking wwatesiders.
Maintainingwaterinfrastructure systems to keep a certain level of service is a vital service. It is
possible by assessing all assets and planning capital work activities to renew and renovate the
existing assetsI'he municipalities prioritize the caal activities of their infrastructure and are

required to optimize their available resources.

Past studies confirmed due to several complexities and imperfeofitreavailablewater
networkdata there is a need for a comprehensive multicriteria detlbo prioritize pipe capital
plan decisions based on engineering expert judgnidms. database must include information
about water pipe physical condition and performancéougn acceptable level of service and
criticality based on thewater pipe locton. In addition, the lack of standard regulatory
requirements due tmcomplete condition, criticality and performance assessment of the entire
Municipal Water Network (MWN) leads to bias and undefendable engineering judgment.
Although severalpipe priortization models have been developed and published in the literature,
no comprehensiveulti-decision criteriormodel is available to date, includitige pipe segment

condition, performance, and criticality.

In this research, a novel Priority Action NumigBAN) is developed and parameterized
based on pipe segmenbndition, @rformanceand citicality. An automatedNaive Bayes
Classifig (NBC) with a supervisethachine learning moded proposedor consistentdefensible
andpersonnel independencanking of existing water pipe condition, performance, and ctitica
of all water pipes through MWN. This methodologytomats the capital activities decisien
making process. The research presents and develops a prioritizing approaciviiéiNheapital

activities and aids in selecting assistive technology for rehabilitation and reregital activities

The developed model is appliggithe City of London MWN database inGeographical
Information SystemArcGIS) databaséo validate anderify themodel The multtlevel classifier
model classifie&nd assigada capital work activity to all pipes the City of LondorMWN.



Thepresentednulti-level NBC with a supervised learning algoritmeplicategsheexperts
opinion andengineering judgement.hrough NBC supervised machine learning algorithm, the
capital project decisiemaking process is automatddis methodology will add consistency and
defensibility to capital programs. Using tlagorithm can help utility save money by automating
industry best @cticesandoptimizing longterm decisions about the order in which pipes need to

be staged into capital works programs.
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Chapter 1

1.1 Background

The Canadian Infrastructure Rep@drd (2012) estimates the replacement value of water
assets to be $362 billion. Lackeffective and proactive capital work activitiess resulted in this
huge infrastructure backlog over the past dec@daeduce this backlog and to stop its grgwth
massiveinfrastructureinvestments are requiredo generateevenue for these investment
utilities are required to rapidly increaseetlcost of water tdheir customers(residents and
businesses)rhis rapid cost increasdtenresulsin affordability issuesespecially for low-income
families andbusinessentario Regulation 453/07 (MEO, 2007) and Public Sector Accounting
Board (PSAB) Statement 3150 (CICA, 2007) require all public water utilities to prepare annual
reports on the current and the futeendition of their irservice assets. Managingeagy water
infrastructure systems with limited financial resources requires comprehamsilieriteria
decision support methodology to make defensible capital activity decisions for all Municipal

Water Netvork (MWN) asset$o maintain ad/or enhancservice levels.

This research uses Atrtificial Intelligence (Al) to automate the classification activity for all
pipes within MWN for condition, performance, criticality and assign a capital work activity. A
Naive Bayes Classifier (NBC) with a supervised learning algorithm is employed to automate the
capital planning activities for MWN. The supervised learning algoritisasthe responses
obtained from & expert survey developed arahalzed as part of this resehq project these

experts opinionsare useds target values to parameterize the NBC model.

A novel Priority Action Number (PAN) is developed and parameterized based on pipe
segment Condition, Performance and Criticality Scdedels are applied irma Geographic
Information SystemArcGIS) with thegeospatial capability to identify each pipe within MWN for
all criteria. The models developedo runon very large MWNin southern Ontario municipality
andtested orthe City of London MWN. The results aralidated with the City of London water
replacement program for 2016 and 2017.



The proposed methodology develops a standardized deoamsikimg framework that
allows for defensible, repeatable and auditable prioritization decisions that are automated and
implemented int@n ArcGIS system The prioritization model is based on expert opiniginga

machine learninglgorithm.

Prioritizing capital activities requires considerations of several variables and attrithees.
common strategyrioritizing capitalwork decisions involvedinear asset physical condition
attributes and other attributes such as pipe performance and criticality are ned@SatCA,
2018) The common theme of the current methodology is focused on oneottyp#igation
decision such as rehabilitation and rapement of water infrastructufidalfawy & Hengmeechai,
2014) North American municipalities are struggling develop tools and processes that respond
to the problem prodiwely instead of reactivelyKumar, et al., 2018)An important larrier to a
proactive capital programis the lack of standardregulatory requirements due to complete
condition, criticality and performance assessment of th@eesistem. Municipalities are
following a different decisiormaking technique developed by their internal municipal engineer.
While engineering judgemenée subjective, it's required to be supported by consistent decision
making methodology(Aven, 2016) Often the engineer judgements are questioned by elected

officials in each City due to capital activity price tag and dollar values.

Municipalities spend billions of dollars assessing linear infrastructure and plannitad cap
works activities to provide sufficient support for capital activities decisByautomatingapital
activity decisionmaking proceses, not only consistencyepeatabilityand defene-ability would
be added to capital activities decisiphat alsothe resources can be spending on rmeéded
water asset maintenance activiti&bis study proposes a decision support tool that would add
consistency and defenedility to capital activitydecisions.

1.2 Research Goal and Objectives

The overall goal of tlsi research is to propose a novel frameworkafoomprehensive
multicriteria methodology to automate planning of the water capital activities, prioritize them with

a scientific methodologgnd demonstrate its application medtsthe City of London



Thisgoal is achieved by pursuirgghtspecific researchbjectivesas follows:

1. Review the available frameworks assessing water pipes for capital activities to
identify attributes affecting condition, performance and criticality.

2. Define a multicriteria framework assessing all pipes the MWN for their
condition, perfomance, criticality and suggesting a capital work mitigation
methodology to all pipes ithe MWN.

3. Propose a novePriority Action Number (PAN) to prioritize the proposed capital
activity toall pipes within the MWN.

4. Prepare a survey gathering exfgerbpinion onthe water pips condition,
performance, criticality, and assigning a water capital activity in a systematic
approach to the supervised machine learning algorithm.

5. Define a Naive Bags Classifier with a supervised machine learning algorithm to
automate the water pipe assessment for condition, performance and cr{teagity
1 - Prioritization Model)

6. Define a Naive Bayes Classifier with a supervised machine learning algorithm to
assign capital activities to all pipes the MWN calibrated to the expéstopinion
(level 2- Mitigation Model)

7. Demonstrate thproposed framework's application and apiply developedBC
with a supervised machine learnimgodelusing a case studyn an existingthe
MWN database

8. Validating the NBC wittasupervised machine learning model with the comparison

with an actual municipal engineer prepared watermain replacement program
1.3 Thesis Organization

This thesis is organized in an integrataticle format1 that is, each of Chapters 2 to 5
addresses one or several of the aHmted research objectiveBigure1-1 presents a graphical
summary of the remainder thfethesis chapters and the main research tagksrpead in each of

them.



Thesis chapters

Chapter 1:
Problem statement,
motivations, and objectives

}

Research objectives

Chapter 2:

A Novel Priority Action
Number for Linear Water
Network Capital Activities
Prioritization

!

Chapter 3:

An Expert Opinion
Algorithm for Prioritizing
and Mitigating Watermain

Networks: Model
Development

1- Defining the need for a multi criteria scoring
methodology to prioritize water capital work activity

2- Identifying all variables measuring pipe condition,
performance and criticality
3-Proposing a novel priority
methodology and  calculations
performance and criticality scores
4- Applying the PAN framework on an example

number
condition,

action
of

Y

1-Identifying the need for a multi-criteria and automated
prioritizing methodology to assign water capital
activities

2-Demonstrating the comprehensive water network
database that includes all variables, engineer assigned
information and expert’s opinion

3- Describing the Naive Bayes Classifier and supervised
learning algorithm methodology

4- Identifying variables for both prioritization model and
mitigation model and explaining the replication of
expert’s opinion

Chapter 4:
Capturing Expert Opinion:
Survey Questioner

gL

\ 4

1- Defining the survey methodology

2- Explaining the purpose of each question

3- Calculating the survey results

4-Assigning the expert’s opinion values for each
variable

Chapter 5:
Model Application:
Case Study

l

Chapter 6: Conclusions and
future research needs

1- Defining the data gathering and data organization
2- Applying the model methodology on organized data
3- Presenting model results

4- Comparing the model results with the actual 2016
and 2017 program for model validation

1-Discussing the complete thesis conclusion automating
watermain capital activity

Figurel-1 Thesis chapters organization and objectives




Chapter ZresentshePriority Action Number (PANjhatis developed and parameterized
based on pipe segment Condition, Berfance and Criticality Score. Scemre developed so that
higher Scores and higher PAN indicatdigher priority for the pipe segment replacement or
rehabilitation. Twascenariosare presented to demonstrate how the PAN is determined and how it
can be ged in an automated computer program andfoGIS program to establish defensible

and auditable pipe segment replacement decisions for a water network.

Chapter 3presents a prioritizing approach fitre watermain networks' capital activitie
and aids m selecting assistive technology for rehabilitation and renewal. UsifgWN
comprehensivdatabas¢hat is mappeth an ArcGIS system, anachine learning classifier model
is proposed to classify all pipestire MWN and asign acapital workactivity. Thecapital project

decisionmaking process is automatdatough the NBC gpervised learning algorithm

In Chapter 4a survey questioner is presedtThe sirveyobtainsexpert opinion using a
setof standardizeduestiongramework on prioritizing municigavater network capital activities.

This methodology will add consistency and defensibibtgapital programs.

In Chapter 5,a descriptive analysis of the water network pipes is presented for their
condition, performance and criticaljitincluding capital planningdecisions regarding all pipe
within the London database. Different maintenance and capital work scenarios are presented and
compared with the actual 2016 and 2017 replacement programs from the City of Lowedofyto

andvalidate the model.

Chapter 6 presentsgeneral summary of conclusions, original contributions to the state of

knowledge, and dactions for future research.



Chapter 2
A Novel Priority Action Number

Capital Activities Prior

Abstract

Most water utities in North America have a massive backlog of deteriorated and aged
watermains and are faced with tbdaunting task of determining which pipe segments need
replacement and rehabilitation now. Although many pipe prioritization models have been
developedand published in the literatyneo capital activityprioritizing model is available to date
thatis based on a multiecision criterion that includes the pipe segment condition, performance,
and criticality. In thischapter a Priority Action Number (PANis developed and parameterized
based on pipe segment Condition, Performance and Criticality Score. Thessgeveloped so
that higher scores and a higher PAN indicate higher priority for the pipe segment replacement or
rehabilitation. Two Scenarios apeesented to demonstrate how the PAN is determined and how
it can be used in an automated computer program aAdi@1S program to establish defensible

and auditable pipe segment replacement decisions for a water network.

Keywords: watermain, capitalworks activities,asset managemeninunicipal water
network, prioritization,condition, water pipe performance, water pipe criticality, nhumber of
breaks, mitigation technology



2.1 Introduction

Watermain transmission and distribution pipes are the artamgtseins of a water utility
system that supply potable water from treatment plants to businesses and homes and provide water
for fire protection. The construction of these pressured water distribution networks started in the
late 1800s mainly as a fireqiection system. Once constructed, it did not take long for them to
also be used to supply drinking water to homes and businesses. Today, most North American water

systems are still designed for both purposes.

Over the past 150 plus years, city boundahi@ge expandednd the length and size of
these water distribution networks have expanded exponentially with little maintenance,
replacement and/ or renovation. Thus, many cities have hundreds of kilometres of water pipes in
service that have exceeded ith@esign life of 50 to 100 years. This backlog of deteriorated
infrastructure has resulted in a significant number of annual watermain breaks wAticesasing
operational and maintenance expenditures. For example, corrosion-of-léedcast iron ad
ductile iron pipes in the City of Toronto has resulted in over 4000 watermain breaks in 2018 alone
with an annual repair cost of over $20 million. Because most cities in North America have set
user fees to recover operational costs only, limited @afuihds are available to replace ageing,
deteriorating and failing watermain pipes. This lack of capital works continues the cycle of the
growing infrastructure backlog. To resolve this issue, municipalities have started the process to
prioritize which ppes in their network need to be replaced immediately relative to #uamsted

for replacement as part of later projects alhocating capital to fund these replacement programs.

Several methods have been proposed in the published literature to ramlostide pipes
for replacement. Table 1 provides a review and analysis of the published research literature based
on four pipe prioritization methods and three pipe ranking criteria. These prioritization methods
are: (@) individual pipe segments ugia costbenefit analysis; (b) netwonkide pipe segments
using a cosbenefit analysis; (c) statistical analysis using pipe age, material type, and/or location;
and (d) classify and score pipe attributes such as material, type, age or other pipe psymdrtie
as size, location, etc.. The three ranking criteria for individual pipe segments amnditipn (2)
performanceand(3) criticality. Condition is a measure of the physical properties of a watermain

pipe such as water pipe material and numtiebreaks According to the Ontario best practice
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OSWCA (2018), the condition is the degree of structural deterioration of the water pipe. The most
common type of physical assessment is the age of the pipe segment. However, some municipalities
are movingtowards assessing alternative physical attributes instead of relying on age only
(OSWCA, 2018). Pipe performance measures the ability of a watermain segment to comply with

all regulatory guidelines for operating a water system while delivering acceptabéts Lof
Service (NRCACNRC, 2007). Finally, pipe criti
water pipe to be able to provide acceptable Levels of Service to consumers (WRc,F2011).
example, a watermain pipe that provides service to a labgpmore critical than one that provides

service to a few singleamily dwellings along a residential road.

Shamir and Howard (1979nd Walski (1987) began the process of ranking and
prioritizing maintenance activities of individual pipe segments. kample, they considered the
costbenefit of whether incurring the capital expense of replacing a pipe segment has greater
beneficial value than maintaining its current service level, based on its annual operational and
maintenance expenditurésN R C A C N®X) ,This2type of planning is calletiagebased
(OSWCA, 2018)ecause the cebenefit calculation requires theater pipe segment's expected
remaining life Thereafter, Kleiner and Rajani (2008), Hong et al. (2006), Loganathan et al. (2002),
Kleiner ard Rajani (2001), Walski (1987) and Shamir and Howard (1979) used thberuit
analysis method based on pipe condition to determine the optimized ratio for individual pipe repair
and replacement. A limitation of the individual chsnefit analysis meti is that it can only be
used until the number of water pipes requiring capital activities does not excerdricgality
budget's capacityFor instance, if the number of watermain pipe replacement activities targeted
for delivery in a certain year egeds the utility resources to perform the activities, then further
prioritization needs to be undertaken to limit capital expenditures. Therefore, there is a need to
look at the water network as a whole rather than as a collection of individual pipe s&gmen
(AWWA, 2012)



Table2-1 Water System Prioritization 8hods with Pipe Ranking Criteria

Ranking
Criteria
3
S| &g| 2
= = ©
Prioritization Method g 5| 2
O s | O
o
1- Ranking Individual Pipe Segments sing a CostBenefit Analysis
Kleiner & Rajanj 2008 \% u u
Honget al, 2006 % U U
Loganatharet al.,2002 % U U
Kleiner & Rajani 2001 \% U U
2- Network Wide Pipe Rankingsing a CostBenefit Analysis
Moglia et al, 2006 v U U
Seegrov et a/2003 v U U
Burn et al, 2003 v U U
3- Statistial Analysis
Xu et al.,2013 v U U
Rogers2011 v U U
Zayed& Fares2010 v U U
Kleineret al.,2010 v U U
Saldarriaga et gl2010 v U U
Giustolisiet al.,2009 \% U U
Berardiet al, 2008 Vv U U
Kleineret al, 2006 Vv U U
Dandy& Engelhardt2001 \% U U




Kleineret al, 1998 V \Vj U

4- Scoring Methods Based oa Pipe Segment$hysical Properties

Asnaasharéet al, 2013

Wanget al, 2009

Boxall et al, 2007
Al Bargawi & Zayed 2006

Ranjaniet al, 2006

< 1 < I <<
c|lc|l<|]Cc|Cc|C
c|lc|l<|]Cc|Cc|C

Milhot et al, 2003

Moglia et al. (2006), Seaegrov et al. (2003), Burn et al. (2003) and Deb et al. (1998)
developed a networwide pipe ranking approach utilizing a ctsnefit ratio based on the
condition of individual pipe segments. Their methodology follosws agebased analysis
comparingthe costbenefit ratio for pipe replacement and/or rehabilitation relative to maintaining
the pipe network in a minimum condition. While this approach does prioritize maintenance
activities subject to financial constrain@QNCA, 2018) the ranking of pipe segments is done
without considering the criticality of a given pipe segment service within the network. Moreover,
many other parameters are required for accurate prioritization of watermain segments within a

network.

Statigical models attempt to prioritize maintenance activities for watermain pipe segments
by using physical properties such as age, number of breaks, soil conditions, and pipe internal
deterioration factors to predict their expected failure time. Berardi €2G08), Saldarriaga et al.
(2010), Rogers (2011) and Xu et al. (2013) used the pipe break rate as a variable to prioritize
replacement. Zayed and Fares (2010), Kleiner et al. (2010) and Kleiner et al. (2006) proposed
correlations between soil conditiomsid pipe corrosion to prioritize replacement. Dandy and
Engelhardt (2001) used optimization strategies utilizing statistical models of physical properties
to minimize maintenance cosagd to predict pipe replacement time. Therafter, Giustolisi et al.
(2009) used economic models based on pipe age to prioritize watermain replacement. Kleiner et
al. (1998) combined watermain pipe hydraulic and-lagged physical properties and pipe
performance parameters to develop a -bestefit analysis for individual pipsegments in a
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network. Statistical models have not been used to prioritize watermain pipe segments for
rehabilitation technologies rather than replacement. Additionally, statistical models have not
considered the type and criticality of the account typst they service when prioritizing

maintenance activities.

Another common strategy to prioritizing maintenance and capital work decisions involves
scoring and ranking individual pipe segments based on attributes related to their physical
condition such asage, break rate, pipe material, pipe diameter and soil cond{{@Bg/CA,

2018) Asnaashari et al. (2013), Wang et al. (20@@d Kleiner et al. (2006) considered pipe
diameter, pipe age, break rate and pipe material teifylamnd rank watermains when prioritizing

pipe replacement. Boxall et al. (2007) and Mailhot et al. (2003) focused on ranking cast iron (ClI)
pipes for a replacement program. Al Bargawi and Zeyed (2006) considered condition, performance
and criticality masurements to score and rank pipe segments. These measurements include
condition factors such as: material, age, diameter, and past maintenance; criticality factors such
as: soil type, pipe location, and disturbance (crossings); and performance fadtoas:swater
pressure, water quality, and water flow. The objective of their wgddkscore and rank individual

pipe segments to prioritiagater capitabhctivities. However, they did not consider capital works
activities such as rehabilitation and/orleggmentThe main objective for these models was the
pipe deterioration rating for identifying which pipe would experience more breakage or which

factor is more critical on water pipe deterioration.

This study aing to present a framework for the devel@mnof a novel Priority Action
Number PAN) that scores and ranks watermain pipe segments to prioritize them for mitigation
activities such as rehabilitation and/or replacement. The PAN is comprised of independent
attributes of a given pipe segment thantcibbute tothe condition performance andcriticality
scores. The sum of these scores is the PAN. The outcome of théesRAIde able to design a
consistent, defensible, repeatable, and auditable set of rules that can be implemented and
automated as aalgorithm within computer programs with a framework suchAasGIS.
Thereafter, thd?AN for all pipe segments in the netwaré&n be used to develop projects and
programs to resolve the infrastructure backlog that utilities face regarding their inventory of

watermain assets.
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The following sections present the main components dP#& and explain in detail: an
itemized list of all variables contributing towards toadition, performance and criticality scores;
how these variableare separated into binstérvals and enumerated; and the processes of
weighting these scores to calculate B#eN for each pipe segment. Two scenarios involving pipe
segments witha varying condition, performance and criticality properties and hence scores are
presented. Therdaf, these same scores are weighted to enumerd&®@&MN Finally, the
combination ofcondition, performance and criticality scores and R&#lthen used to propose a

mitigation method.
2.2 Priority Action Number

The Priority Action Number(( 6 Jis developedby calculating a Condition, Performance
and Criticality Score for each pipe segment within the network. Water pipe segments are
considered from node to node. For this research, a node constitutes a pipe junction, where two or
more water pipes are connatt®ipe segments are deemed to be a standard unit irrespective that

they can have no standard length.

The Condition ScorelY, represents the physical condition of the segment, while the
Performance Scor&Y ,represents the measure of a pipe's ability to operate at and otherwise meet
established Levels of Service. The Criticality Scoye, represents thinpact of a pipe if service
is lost, the likelihood of failure, and the consequences of fadlse known as risk of service loss.

All Scores are assumed to be independent of each other. Thus, a change in one Score will not
impact another Score. Each Beds enumerated using several key variables that are also
independent of one another. Figurd presents key variables used to develop the Congition
Performance and Critically Scores. These variables are established to measure, evaluate and
prioritize attributes representing the operation and maintenance required by each watermain pipe
segment according to available standards and

ThePAN:Is calculated for each pipe segment using Equ&tibn
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Figure2-1 PAN Scores and variables

wherew , @ and w are the weighting factors for Condition, Performance and
Criticality, respectively. Weighting factors are applied against each Score for two reasons. First,
the relative importance of condition, performance and criticality may vary between water utility
service providers as they attempt to prioritize each pipe segoremitigation activity. Second,
Figure 21 shows that each of the Condition, Performance and Criticality Sisoesmimerated
based on a different number of variables tuattribute equally to a given score. Specifically, both
Performance and Criticalitcores have three variables, while Condition Score has four. The
weighing factor adjusts these disparities so that these variables contribute in relative proportion to

the overalld 6 O The outcome of thé 6 (Bcore for a given pipe segment is suct the higher
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its value is relative to other pipe segments in the prioritization list, the greater its need is for action

in terms of rehabilitation or replacement.

The following sections describe the variables that contribute towards the Condition,

Perfamance and Criticality Scores.
2.2.1Condition Score

Condition is a physical attribute of a pipegmenbased on its structural and operational
propertiessuch aswvaterpressurgflow rate, external loadsand water quality. Each property is
assumed to be independent of the others. In the contla©@bndition Scorethe four properties
v, are (1) theRemaining Service LifeY "Y;{{2) the total number of breaks since installatiofi
(3) the total number of breaks in the last five yeaf® ; and,(4) the maintenance indet 'O
The contribution of each measured propedyhe Condition Scords quantified byy  into
intervals, where the thresholds that bound these intervals have engineering significance based on
standards or criteria relevant to each variable. Thedition Scorevariable &, is derived by
applyinga dimensionless weight to eacim,bsuch thata, "Qv . TheCondition Scorg
Y "Qu ,for each pipe segmenis a depeneht variable onsy andis evaluated in

Equation2-2 as:
Y w W w W 2-2

Note that bin weightings for each af ,0 ,® andw must be estimated subject to the

constraint that the outcome of constructing @endition Scores that an increase itY denotes

the pipe segment should receive greater priority for replacement or rehabilitation
2.2.1.1 Remaining Service Life § { H

Every watermain pipe segment is @gsid for an expected service lif® (o 1} 'Q ¢ SIXIRhich
denotes the timan years, frontheinstallaion of the pipe segmenhatwill provide acceptable

Levels of ServiceFor most pipeghis is 50 to 100 years.
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The ‘O o 1} ‘QAd &@of a water pipavill be reducedy corrosion. The corrosion rate depends on
the type ofpipe material andoil conditions around the pip€lay-type soils are known to be
corrosivesoil conditiongKleineret al, 2010) A dimensionlessorrosive soiReductionFactos

T, ,developed bystradiotto(2016) are provided ifTable2-2. This reduction factor is used to
reduce the pipe segmé&gxpected life

Table2-2 Pipe Materiés in Corrosve Soil Expected.ife ReductionFactors

Material Type Reduction Factos

! T,
Asbestos Cement (AC) 0.1.
Cast Iron (CI) 0.3
Ductile Iron (DI) 0.5
PVC 0.1
Steel (ST) 0.3
CPRCONC 1.0
HDPE 0.1

A watermain pipe segmefemainingServiceLife Y "YUis the difference between the
0o 'QdSMEM the time, in years, the pipe has been in se(@ic@QEY' Q1 V). Tae QY YD
can be calculated using Equatiom®h T, obtained fronmTable2-3 when the pipe is placed in

corrosive soils and, = 0 when the soils are not corrosive.

YYD O Q@FIXINT 20w Q@cIXE "QREYQI 1 Q 2-3

The Remaining Serviceife variable® can becomputed by bining the calculatedy Y0

into four separate interval® j, providedin Table2-3.

Table2-3 Remaining Service Life Bins

YYWQI i &)

Y0 p b Qi i W §
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The rationale for bounding the range of the faiarintervals is described as followEhe first bn

occurs on the interval 6f "Y0 p wd 'Q &tb ¢oincide with the typical maximum lifean of a road
surface. In thisin, planners woulgdveigh the need to renovate or replace watermain pipe segments
based on their condition during capital expenditure activities associated with the current road
infrastructure This bn would result in most weight placed omn . The second and thirdrb
followsthe same premise but under the second and third lifecycle of theTtmadforew

W i w p,with all values dimensionlesH thedesign service life for watermain pipes is 70
yearsa'Y'YO U m'Q ik dfectively new andaw Tris assigned as shown Trable2-3.

@ is adecreasing function 4% "Yincreases.
2.2.1.2Total Number of Breaks | |

Total breaks ara leading indicator of a given watermain pipe segrsargndition (Al
Bargawi & Zayed, 2006)lt is also an important indicator for water utilities since it indicates a
significant increase in Operational Expenf@pEX) and service disruptions. THetal Number

of Breaks "YO is the total number of breaks since the pipe seginstdllation

Once a pipe break occurs, normal operation and maintenance practice involve replacing or
rehabilitating the standard pipe section in which the bhesloccurred. A standard pipe section
that is constructedrom PVC or HDPE is normallyr8 long andis bounded by nodes/pipe
junctions where two water pipes at®nnectedSome municipalities normalize the total number
of breaks by pipe section lengthby either the age in service or expectedvice life of the pipe
segmen{Harvey, 2015).In the context of this studyyois an integer number and not normalize
by the pipe segment lengthhe rationale for not normalizing is thhe entire pipe segment length
serves a single functional pwge and the objective is to place the enfiipe segmeninto a

project for either replacement ehabilitation.
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The"YOvariable,w , is computed by binning the calculatébinto four intervalsw

as shown imable2-4.

The rationale for bounding the range of the four bin intervals is described as follows. The
"Yobefore renovation or replacement varies between municipalities based on location and Levels
of Service. Generally, due to costs associated \@is of service, municipalities target the
replacement of a pipe segment between nine to eleven breaks since ins{&tdkioran, 2018)

Here, the first bin denotes more than nine breaks since installation. This bin wsultdrehe
most weight placed o . The second and third bin motivate thidity providerto investigate
the cause of the observed break events, although they do not necessitaeottaion or
replacementof the pipe segmentTherefore,w  ® @ [, with all values being
dimensionless. Finally, whéiY6 T thenw ; 1and henced is a monotonically decreasing

function as'Yodecreases.

Table2-4 Bins for Total Number of Breaks

Yo w
YO w W
g YO v W
T Y6 p W §
YO Tt Wy T
2.2.1.3Total Number of Breaks within the Last Five Years 4| |, » v

The North American watermain break rates han@aased by 27% per annum in recent
years(Folkman, 2018)Number of break#or a given pipe segmettiat have occurred within the
last five years,”YO , identifies pipes with high Operational Expense (OpEXj and its
dependant variabley , act as amdicator that the pipe is reaching the end of its lifespan. An

increase in the break frequency suggests pipe segment failure in the future and a progressive
increase inthe OpEX NRCACNRC, 2007)
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The total number of breaks within the last five years variaile , is computed by

binning the measure&’d  into four separate intervale i, as itemized imable2-5.

A common practices that moreghan one break per yemr a pipe segmerdver the last
five years is denoted as the worst acceptable condition by the priditiderN R C A C NR®@) (
andthat pipeshouldbe prioritized for immediate repair. Therefore, it is assignedigieht value

W i . Then, progressively smaller values are assigned to pipes that experience fewer breaks
per year withw Eow FEoW i . Finally, when'Y6 T, thenw T, and

hencew is a monotonically decreasing function'a®  decreases.

Table2-5 summarizes the assigned bins and valuethtsrumber of breaks in tHastfive

years.

Table2-5 Bins for Number of Breaks withithe Last FiveYears

Y6 o QbQAI 1)
YO v W M
T YO o W R
¢ YO p W
YO i W 1

2.2.1.4Maintenance Index 4 E

Maintenance activities are itemized@gerationalExpenses({ ) ‘O & Qd ¢ ¢ 0)and
include maintenance activities (flushing, regular inspectmurepar and rehabilitation (bredk
leakageaepair) work conducted over the life cycle of the watermain asseMairgenancéndex
(0 Dis definedin Equation2-4 as the ratio of the net present valualof; Omwultiplied by the
RemainingSavice Life, YT @ 'Q & ] ahd then divided by thgipe replacementapital expense
0 on Gw
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Each municipality has knowledge $ annual operation and maintenance expenses to
forecastits annual budget requiremeniccording to Ontario’'s Londerm Infrastructure Plan,
published in December 2016, all Ontario Municipalities are requoedave a 1§ear plan.
Therefore, all municipalities are required to assess their agsdisiingwatemain infrastructure
at least once evetgnyears( N R C A C N R CQpExpl0CapEx depend on the pipe diameter,
length, and depth of the watermain pifRC.CNRC, 2003) The average overall opdion,
maintenance and replacement cost per meter for general watermain pipes can be used for this
index. An increasing value af "Ondicates that the annual operational and maintenance costs
aggregated over tiieemaining Serviceife of the pipe are geger than the renewal costence, an

increase i) "@an be used to prioritize a pipe for replacement.

TheMaintenancéndex variablew |, is computed by bining the calculated "@nto three
separate intervalso , asshownin Table2-6. Common practice denotes that if the operati
expenses of a pipe segment oveRigsnaining Service ife are more than five times greater than
the capital expense of replacing the pipe segment, then the pipd beaeplaced NRCACNRC,
2005) Therefore, the hierarchy of the assigned valuesare; w y @ j, with all values

being dimensionles&ll Ml assigned bins and values gymvidedin Table2-6.

Table2-6 Assigned Bins for Mainteance Index

0 0 R
DO m&p 0
00p 0O m8ru W f
00 mM8tu D R
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2.2.2Performance Score |

Pipe performance measures the ability of a watermain segment to comply with all
guidelines for operatinga water system while delivering acceptable Levels of Service
( NRCA CNR C ,ReleRabdtOpioperts are associated witherfamancesuch thatay,

"Qv . The Performance Score&Y "Qqy ,for each pipe segment is a dependant variable

onwy and isdetermined using Equatidib.

Yoo W W 2-5
Bin weightings variables are constructed such that an incredsedenotes that the pipe

segnent should receive greater priority for replacement or rehabilitation.
2.2.2.1Water Pressure Loss [} 4

Hydraulic properties relevant to quantifying pipe performance include capacity, head loss,
flow velocity, and pressure. Pipe performance is associated twidtbility to provide a service,
such as the need for water pressure to remain above 690 kPa at all locations within the network to
comply with the Ontario Fire Marshal Guideli®FM-TG-03, 1999) This study focuses on
pressurdoss as the performance criterion for transmission mains, distribution feedes, and
local watermains. Excessive pressure loss diminishes pipe performance by causing pressure losses
along its length that may reduce its ability to provide its inteiséedce. Pressure losses typically
result from pipe friction due to mineral deposits and corrosion, valves that impede flow and
generate energy losses, bends in the alignment of the pgoanEctions between pipe segments,
and unusually long pipe segmeiiitetween the typical spacing of valve connections, defining the

node to node length.

In this study, pressure loss along the length of a watermain pipe segment is calculated using
the Bernoulli Equation according to the following methodology and assumspiidater pressure
is measured at pipe junctions where two or more watermain segments are cooneateels can
control flow. Hence, each pipe segment is bounded by its junctions to its neighbouring pipe
segments. To simplify the calculation of the Btes LossD () the following two key assumptions

are made. First, the elevation of the start and endpoints of the pipe ségassumed to be the

20



same. Second, the diameter of the pipe segment is assumed to remain constant along its length,
and hence the waterleeity remains constaritherefore, Pressure Loss) & , can be calculated

by using only the pressure potential component of the Bernoulli Equation, as shown in Equation
2-6.

bo - n 2-6

where: and~ M are the water pressures at the inflow and outflow ends of a
given pipe segment, respectively. Similar to the Total Number of Breaks, the pressure loss is not
normalized by the length of the pipe segment, given that the entire pipe segment lerggtlaserv
single functional purpose and the objective is to place the entire length of the pipe segment into a

project for either replacement or rehabilitation.

The pressure loss variable is denoted as a function of two pipe size categories demarked
by being dher larger than or smaller thapatatd diameter. In most municipalities, water pipes
larger tharp Téna are considexdas"feeder mains Thereafter, each (category (i.e0 0
and0 0 ) is divided into different bins to assign a valuesof as shown inTable 2-7.
Baseline values of pressure loss across a pipe section denoting major performance issues are
defined hereas ® Q0 ddorv 0 "YJO f or pi pe X QO @0 nNY)@mpipes
>600mm. These thshold values yield maximum value for ;; and indicate that the pipe segment
should be immediately prioritized for rehabilitation or replacement. The threshold values may be
adjusted by specific flow monitoring and pressure control points instiaylesd utility provider
within their specific network or further informed by hydraulic model simulations. The second bin
captures the notion that most watermain pipe segments lose some pressure along their length due
to pipe friction while still providing azeptable Levels of Service. However, their pressure loss
denotes that they warrant attention wpebritizing future rehabilitation and replacement activity.
Hencew j  f. Finally, the third bin reflects pressure losses of a new installation, resulting

inw T Hencew is amonotonic decreasing functiontagdecreases.

Table2-7 Presure Loss Bins

Pipe Diameter Categories
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2.2.2.2Water Quality = |-

Water qually is an important property denoting the performance of a segment of watermain
pipe, given that the water quality standards within the Province of Ontario must conform to the
Clean Water Act (2006). Each municipality typically records instances of custammgiaints
aboutpoor water qualityincluding odour, colour, and sediments. Chlorine residuals are also used
to identify deaeknds and pipes that no longer conform to water quality standards. Unlined cast
iron watermain pipes or pipe junctions contaifeey joints are alseecognizd as not conforming
to water quality standards. The notion that a pipe segment does or does not conform to the water
guality standards is a binary decision and is denot@dlhe2-8 using two binsThose watermain
pipes that do not conform are placed in the first bin and assigned a dimensionless walyg of

The remaining pipes that do conform are placed in the second bin and assigned advalyge of

TL

Table2-8 Water Quality Bins

— L
T IF Lid;

Doesnot conform W

Does conbrm W F T

2.2.2.3Conformance to Latest Standards ¢4

Performance of a watermain pipe segment based on conformance to the latest standards
typically involves assessing whether the diameter of the pipe is sufficiently large to provide
minimum Levels & Service to the target consumer class. For instance, each residential,
commercial, institutional, and industrial consumer is required to be serviced by, at minimum, a

specified pipe diameter that is stipulated by a given munigypddisign manual. A pipsegment
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that conforms to an acceptable condition but is undersized should be considered for replacement

by a watermain pipe segment of larger diameter (Bennett & Glaser, 2011).

Certain pipe materials, such as lead, may not conform to current drinkiegstaidards.
Moreover, a historic capital works program may have ubiquitously installed material, such as
galvanized steel pipes or substandard pipe diameters (100 mm diameter or ,smadlrs now

targeted by the municipalities for replacement dughmges in their design manual.

The notion that a pipe segment does or does not conform to the latest standards is a binary
decision and is denoted Trable2-9 using two bins. Those watermain pipes that do not conform
are placedn the first bin and assigned a dimensionless valus of,. The remaining pipes that

do conform are placed in the second bin and assigned a valuepf T

Table2-9 Standard Conformancari®

F= B
Doesnot conform W §
Does conform W § T

2.2.3Criticality Score ({ )

Pipe criticality measures the relative importance of the given watermain segment to provide

acceptable Levels of Service to comsrs and the water utility provider as a whole. Key measures
of criticality are: (1) the impact of watermain failure to loss of water services for essential
consumers(2) the impact of watermain failure on the surrounding environmen{3auice ability
to effectively repair a watermain pipe promptly. Watermain pipe diameter, location, type of water
service, and accessibility (depth and easements) are all variables that impact the operation and
maintenance cost and the time associated with emergencymaaterepairs(Al Bargawi &
Zayed, 2006)For example, repairing a large diameter watermain servicing a hospital located in
an environmentally sensitive area with poor accessibility is more critical than repairing a
watermain ofan identical diameter that is located along a local road. Each criticality property is
assumed to be independent of the othadthose from the Condition and Performance Scores. In

the context of the Criticality Score, the three propertiesare (1) pipe diameterQ; (2) pipe
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location,0; and(3) pipe accessibilityy 6 Similar to the Condition and Performance Scores above,

the contribution of each measured property on the Criticality Score is quantified by binning,

into intervals, where the thresholds that bound these intervals have engineering significance based
on standards or criteria relevant to each variable. The Criticality Score vatgabler each

property is derived by applying a dimensionless weightatthein, such thady Qy
The Criticality Score}Y  "Qq, ,for each pipe segment is a dependent variabtg on and

is determined using Equatidh?.

Y oo 0w w 2.7
Consistent with the Condition and Performance Scores, bin weightings for the Criticality

Score variables are constructed such that an incredse @denotes that the pipe segment should

receive greater priority for replacement or rehabilitation.

2.2.3.1Pipe Diameter ()

The impact of the failure of a water pipe segment in terms of service interruptions to
residential, commercial, industrial and institutional consumers, damage to the surrounding
environment and infrastructure, and the time and eféoyired to replace or rehabilitate the pipe
segment all increase with pipe diameter. Therefore, pipe dian@tes,an important variable

when considering the criticality of a pipe segment.

For brevity, the categorization of water pipe diametsrredued into only four bins.
Watermain pipes that are larger thant dar & are generally considered feeder mains (or trunk
lines) and are indispensable to service an entire community. Moreover, very large watermains
pipes are greater thgnu dr & in diameter ervice municipalities with large populations; hence,
their relative impact isnore significanthan those feeder mains that service smaller communities.
Watermain pipe segments with a diameter of less ¢harit & diameters service progressively
smaller gctions of the municipality down to individual accounts. Hence, their impact on the
overall Criticality Scorediminishes. Thereforep; wp Wi g, With @y T The

assigned bins and values are presentdcbie2-10.

Table2-10 Pipe Diameter Bins
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2.2.3.2Pipe Location €)

Pipe location becomes critical when higbk environmental areas or Environmentally
Significant Policy Areas (ESPAs) become impacted by break events. ESPAs are denoted on most
municipaliies natural heritage mamnd are recogmed and protected on the premise that they
provide significant municipal or natural services and ecological functions. Typical locations
include watercourses such as creeks, rivers, and ponds; land subject to flooding and erosion
hazards; contaminated sjilabandoned oil and gas pipelines and those currently in service;
electric power corridors; major intersections, highway crossings, and railway crossings; lands
containing aggregate, mineral or petroleum resources; hospitals, airports, andrioncare
centres. The notion that a pipe segment is or is not located in an ESPAs is a binary decision and is
denoted infable2-11 using two bins. Those water pipes that are in an ESPA are placed in the first
bin and assigned a dimensiosgevalue ofv . The remaining pipes that are not in an ESPA are

placed in the second bin and assigned a valag;of Tt

Table2-11 Water Pipe Location Bins

4 .
Located within ESPA W
Located outside ESPA W T

25



2.2.3.3Pipe Accessibility = F

Pipe accessibility is a critical factor reducingoutage times during an emergency break
repair. Thus, the pipe needs to have immediate and unfettered access to repair to prevent further
damageand interruption of the servig€ayed & Fares, 2010)NVatermain locations that have
narrow or no easementwatermains that are buried deeg®an normal depth, and watermains
located in an area that is impassible by vehicles create prompt emergency repair issues. The
notion that a pipe segment is or is not accessible is a binary decision and is dehatgdl 2
using two bins. Those watermain pipes that are not accessible are placed isttha fand
assigned a dimensionless valuainf;, . The remaining pipes that are accessible are placed in the

second bin and assigned a valuexof, TU

Table2-12 Accessibility Bins

=F T=r
Not accessible W f

Accessible Wy T

2.2.4PAN Weighting Factors & _hp £+ ®

Table 2-1 indicates thamost of the literature involved in prioritizing watermain pipe
segments for rehabilitation or replacemh focuse on pipe conditions under the premise that each
pipe segment in the network has sufficient performance to provide specific Levels of Service.
Therefore, it can be inferred that a given watermainpperformance is relatively more important
than its condition. For instance, if a given pipe segment is in good condition but exhibits poor
performance because it does not conform to the latest standaedjstfeeneed to mitigate the
performance issue to maintain the same Level of Se@icgcality is the least important attribute
relative to performance and condition to prioritize a specific pipe segment rehabilitation or
replacement. For instance, a watermain pipe segment that exhibits poor condition must be
maintained regardless of its locati@and criticality. However, of the set of pipe segments
exhibiting poor conditions, those that provide service to critical locations are given priority relative
to others in the same set. The idea of relative importance is conveyed through the weigfbtisig fa

for Condition, Performance and Criticality as @ W
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This study assumed that all variables are independent and do not correlate with one another.

2.3 Application of the Priority Action Number ( PAN)

To demonstrate the applicationtbé PAN for quantifying the condition, performance and
criticality of a pipe segment, and thereafter ranking the pipe as part of a capital works project for
replacement and/or rehabilitation, two scenarios are developed to enumerate all property bin
valuesw ,andweight factorsw ,® andw to determine the PAN. All assigned bin values
and weight factors are scaled between 0 toMth O being the least important and 15 being the
most importantThis scale is an assumptifor consistency among all variable values. The scale

may change but needs to stay consistent for all variable values.

Scenario Aconsists of &0 m long, 400 mm in diameter ductile iron (Ratermain pipe
segment that services a hospital. The DI pipe waalled in 1980 within corrosive soil and
crosses a creek and wetland that is not accessible. The pipe segment has an expected 70 years of
service life and has experienced eleven lBgakh nine breaks occurring within the last five
years. The presseiloss is 48.6 [kPaJlhe operation and maintenance cost (OpER) @ j Wi

and replacement cost (CapExAd Tt .

Scenario Bconsists of a 50 m long, 400 mm in diameter concrete (CONC) watermain pipe
segment that services a hospital. Thecceie pipe segment was installed in 1980 within-non
corrosive soil and expected 70 years of service life. The pipe segment crosses a creek and wetland
but is accessible via an access road. Since installation, the pipe segment has experienced a total of
eleven breaks, with nine breaks occurring with the last five years. The pressure loss is 13.8 [kPa].
The operation and maintenance cost (OpExAisjuij wiand replacement cost (CapEx) is
A .

2.3.1Condition Score 4| . determination

Scenario A:

TheRemaining Service Lifean be calculated usirigpuation 23.

117 re=mi <alfm 12 re =—miF<alfa=lu 1m>° Tm
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For this scenariche’ O @ 1) 'Q (ST years and the "Q@EY QI 0=Q6PQ1980 =
= 0.5.

L @ 'Q dwhich meansi it is 5 years past its service

40 years. Since the AC pipe segment is placed in corrosivé aale 2-2 determinest
Thus,theY YO xm mzyx
life. Table2-13with 'Y'Y® 15

RSL< 15 bin which has thadhest variable value.

T

y ear i p wlhewnegative service life would fit in the

Table2-13 Bin Values for Remaining Service Life Assumed.

Y'Y Qdi i ®

YY0 p W Qi W [ pPU
PLU YYD omQ®i i W [ PT
ot YYDUuTQ®I i W [ L
YYO v QO i W i T

The Total Number of Breaks since installation iss'Y®

pu

p pTable2-14with TB 9
givesw

Table2-14 Bin Values for Total Number of Breaks.

"Y6 ®

YO w Wi PUL
Y YO v WphH PT
T YO p WpH L

YO T Wy T

The number of watermain breaks within the last five years is nifi¥&o

2-15with "Yo

L givesw

pPu

Table2-15 Bin Values for Number of Breaks within the Last Five Years.

YO NQOQ®I W

YO v () F PUL
T YO (o) F P
¢ Y0 P RV
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The Maintenance Indes calculated using Equatior42

00 0nOwWY'YUo wn ©@5 -5)/1500 =0.083

where0 1) OA ¢jdij i, YY8-5andd & ©&p mjm

Sinceb 'O 18t Y @ll negative Ml is considered as a higher priority because pipe

passed its service life. Therefoegardless of the value, it would fit into the highestdiny;

pu
Table2-16 Bin Values for Maintenance Index
00 W
00 & p WpF T
000 0O mdru Wi P
00 mdru Wrip PUL
TheCondition Scorés determined using Equatior22
Y ow W () () PUPUL PL PL QT

Given that all four properties that comprise the Condition Score are enumerated on the
intervd of O to 15, the maximurfY would be 60. If a Condition Scobetween 30 to 60 is deemed
to be"High" and less than 30 is deemed to"hew" a”Y @ Tindicates that pipe Segment A

has a high condition score and therefore is a high priantyefplacement and/or rehabilitation.

Scenario B:

Following the same method as for ScenariotAe Condition Score is determined for

Scenario B.

First, the Remaining Service Liféy “Yils determined using Equati@s3.

RSL =[707 (0.0 x 70)]- 40 =30 years
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where théO o 1] 'Q W SCELID years and the "Q@EYQ1 V=002®1980 = 40 years and
T = 0.0 since the pipe segment is placed in-o@mosive soil. Thus, there is no reduction to the

pip€s expected life
UsingTable2-13p v Y'Y0 c O QO givesw  p T

Total Number Breaks and breaks in the last five years are the same as the pipe in Scenario

A, thereforew F pPU

The Maintenance Index calculated using Enue2-4
00 0nOwWY'YUS i ©@5 30)/1500=0.5
wherel 1) O%A ¢jdij @i, Y Y830 yrandd &1 €A mjw
For 0 "O m8t uTable2-16 givesw  p UV
TheCondition Scorés calculatd using Equatior2-2.
YW W W W PTT PUL PL PUL LU

Using 30 to 60 Condition Score to bidigh" and less than 30 is deemed to"hew" a

Y 1 mindicates that pipe Segmeit has a high condition sais a high priority for
replacement and/or rehabilitation. Sirige @ 11 Y L uhepipein scenaridA will have

a higher prioritythanthe pipein scenarid.

2.3.2Performance Score {[} Calculation

Scenario A:

The pressurdoss alongthe pipe segment is \@n as 48.6 kRaUsing Table 2-17

0 0 o ® for a 400mm diameter pipe givés pu

Table2-17 Bin Values for Pressureoss [kPa]

Pipe Diameter Categores
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4 oo B |
00 o® 00 pX ® =15
ptT 00 Oo® pt 00 pX ®w[=5
00 pt 00 pm W T

Thereis no information on recorded water quality complaists it is assumed that the
Water Quality does conform. Usidigble2-18w mtfor a pipe the conforms to Water Quality

Table2-18 Assumed Bin Values for Water Quality

—_C
r |r T |k
Doesnot conform D 5 PUL

h

w
w

Does conform

With respect to Standard Conformanoe information is provided to indicate that no
conformance to Standards. Thus, usiiagple2-19, the bin values for ahdard conformance gives
W 5 T

Table2-19 Assumed Standard Conformance Bin Values
=k R
Doesnot conform W EF PUL
Does conform Wi T

The Performance Scorerfthe pipe in Scenario A is calculated using Equaién
Y0 w W pLU T T pPU

The highest Performance Score using a maximum value of 15 will be 45. If a Performance
Score between 22.5 to 45 dendteiggh” and less than 22 is"Low" as™Y p us considered

to be"Low". This low Performance Score indicates that pipe Segment A has no performance issues

at this time.

Scenario B:

Following the same procedure as Scenario A, the Performance Score for pipe Segment B

is determined.
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The Pressuross is given as 13.8 kP&hus, usingTable2-17 0 0 p tand 400mm

diameter pipe give® T

There are no water quality complaittiereforew ; 1 There is also no indication that

it does not conform to Standards therefore;, Tt
The Performance Score for the pipe in Scernari® calculated using Equati@ib.
Yo w W m T T T

Using the same methodology assumed for the pipe in Scenarity A, Tt indicates a

"Low" Performance Scor@nd that the pipe has no performance issues.

2.3.3Criticality Score (|, Calculation

Scenario A:

The watermain pipe diameter,O is 400mm. Using Table 2-20 wpy v for

omnama O @ maa diameter pips

Table2-20 Assumed Bin Values for Pipe Diameter

T Tr
O x v ma Wp =15
emama O xvuvda Wp =10
cnmamd O o@mdad Wr=5
O o mnama wip O

Thepipe crosses a creek within an environmentally sensitiveldsaag Table2-21 w;

p Wwipeas it iswithin the ESPA area.

Table2-21 Assumed Bin Values for Water Pipe Location

d T
Located within ESPA wp =15
Located outside ESPA Wp T

Since the pipe is not accessiblable 2-22 assignso  p L
Table 2-22 Assumed values for Accessibility Bins
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= |= '|'|'= F
Not accessible W f=15
Accessible W

i Tt

The Criticality Score for the pipe in Scenario A is calculated using Equafion
Y o 0 U PL PUL CU

Scores between 22.5 to 45 are deemed ttHigh" and less than 22.5 to Beow". As
with Y and"Y, the"High" category and higher Criticality Score denotes a higher case for priority.

Accordingly, Y 0 undicates that this particular pipe segmerdassidered critical and has a

"High" Criticality Score.
Scenario B:

The diameter of the pipe is 400mm in Scenario B and the same as for Scenario A. Hence

W[ L.

The pipe &0 crosses a creek within an environmentally sensitive ez, p vThe

pipe is accessible therefase ; 1L
The Criticality Score for the pipe in Scenario B is calculated using Equafion 2
Y 0w W W L PpLU T (CTI

TheY ¢ Twill be "Low" and indicates this particular pipe segment is not critical.

Since Y Y Scenario A is more critical than Scenario B.

2.3.4PAN Calculation

The PAN is calculated using Equatioi 2

L Yw Yo Y w
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where the Condition, Performance and Criticality Scores multiplied by their respective
weighting factors withy @ w .The weight factors for this analysis are assigned as

Yw p mand,w @ using ascale of 0 to 15.

The resulting PAN for Scenario A and B pipe segments are determined as

L@ @MY PULPT CULU @ YT T
0 & LU Y T PTT CTL QO LT
Using maximunscores) & pcumFor this analPAN® s8 (fitH,i g h «

iMedi umoPANs 80®, >and RAN®Ow Bceriarso, AMPAN of &10 igHigh"
while Scenario B PAN of 8Bis "Medium' using these PAN categoriebhus, Scenario A has a

higher priority for replacement and/or rehabilitation than pipe Segment B.

2.3.5Mitigation Technology

Table 2-23 provides an example of potential mitigation classification outcomes that are
differentiated based on abect boundaries denoted byow", "Medium" and"High" Scores and

for the PAN, Condition, Performance and Criticality Scores.

Table2-23 Potential Mitigation Solutions Isad on Condition, Performance, @ality Scores

andPAN
Mitigation Condition Performance | Criticality PAN Mitigation
Strategy Score Score Score Technology

1 High High High High Up-Size
2 High High Low High Up-Size
3 High Low High High Replace
4 High Low Low Medium Repair
5 Low High High High Up-Size

6 Low High Low Low Do Nothing
7 Low Low High Low Do Nothing
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8 Low Low Low Low Do Nothing

UsingTable2-23 Scenario A pipe has "High" Condition Score, "Low" Performance Score,
"High" Criticality Scoreand "High"P AN f al Il s into the mitigati on
B pipe has "High" Condition Score, "Low" Performance Score, "Low" Criticality Score and
"Medium" PAN falls into Mitigation Strategy 4 Repair.

2.4 Conclusions

In this studya Prioity Action Number (PAN) is proposed and developed to score and rank
pipe segments to prioritize them for replacement and rehabilitation. The PAN develops a
standardized set of rules that allow for defensible, repeatable and auditable prioritizationslecisio
that can be automated in computer programs and implementetra@dS.

The PAN consists of determining the summation of condition, performance and criticality
score multiplied by each score appropriate assigned weight. Each score is consideradentiepe
and weighting factors for Condition, Performance and Criticality are set as w W
Each Score is developed so that a higher Score and thus higher PAN means pipe segment higher

priority for replacement and/or rehabilitation.

Two pipe segment Scenarios are presented to demonstrate the PAN calculation
methodologyand an example of a pipe mitigation matrix is shown to demonstrate how the PAN
Scores and be used to develop repeatable, defensible and audible pipe sspgorédisation

decisions

Further work is required to establish appropriate weights for Scocesationale and an

industryapplicable pipe segment decision matrix.
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Chapter 3
An Expert Opinion Algorithm

Mi tigating Watermain Networ ks

Abstract

MWN is a significant fundamental system used in deliveringhppetevater. Due to the
deterioration of MWN that results in the structural and hydraulic capacity reduction of these
systems, municipalities are faced with obstacles in defining the process of deterioration and the
factors affecting the deterioration raldne municipalities then prioritize the maintenance of their
infrastructure under this circumstancawoptimum use of resources. Tleisapter presents and
develops a prioritizing approach for the watermain networks' capital activities and aids ingelectin
assistive technology for rehabilitation and renewal. Using the MWN comprehelasalmaséhat
is mappedn an ArcGIS system, anachine learning classifier modsl proposed to classify all
pipes in MWN and assign a capital work activity to all pipesViw/N. Throughthe NBC
supervised learning algorithm, the capital project decismaking process is automated.
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Keywords: artificial intelligence, machine learnindgarithm, Naive Bayes Classifier,
watermain Capital Activities, Prioritization, Wataretwak, supervised machine learning
al gorithm, an engineer assigned wvariable va

distributions, posterior distributionanddecision making

3.1 Introduction

Watermain Networksre deteriorating and ageing ovendi. Deterioration reduces the
hydraulic and structural capacity of the water distributioetworks. All over the world,
metropolises are faced with the challenges of recognizindatiters that can affect the rate of
water pipegleterioration To addresthese challengemunicipalitiesneed to define technologies
and methodologies for Water network rehabilitation, assessment, management, construction,
design, and planning that considlee social, environmental, and economic factors. Thapter
outlinesmodels that prioritize and mitigat&§atermain networks and assist in the recovery of
Artificial Intelligence(Al). It builds on expert opinions to develop a relatively standagthod of

managing water netwoskand replicate expert opinions using Al.

Key findings demonstrate a comprehensive database preparationreatdoato capture
engineering decisianand propose a machine learning algorithm that is capable of replicating
expert opiniors on planning capital activities needed. Theapital activities of water pipare
based orthe current condition, performance and criticality of every pipe withewater system
(Halfawy & Hengmeechai, 2014Jwo analysis methods have beerdartaken to ensure that the

correct data is obtained upon compigtihis study. These include surveys and supervised machine
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learning algorithm and applicatios to prioritize water pipes condition, performance and

criticality, and a mitigating maintenance solution for every pipe through the water system
3.1.1Background

Unlike wastewater infrastructure, water systems do not have a standardized method to
measure and rank their condition or having a certain solution for a {&fe€.CNRC, 2003).
Each municipality has a different way of managing its drinking water infrastructure, and each
expert has different opinianThere is no standard way, even within the same organization to date
to assess all water pipes and plan wateitalagctivities(NRC, CNRC, 2005). American Society
for Civil Engineers reported in 2013 a $3.6 trillion investment need by 2020 to replace ageing
infrastructure in North America (ASCE, 2013). Combining expert opinion and maehimang
methodologiess a relatively new technology ithe engineering industryigbal & Yan, 2015)
There are new areas such as automated bridgeocaddvay inspection usingnachine learning
algorithis recently (Tagh Bosani, 2015) (Ravikumar et al.2011) These efforts focused on
automating visual inspection usirgsupport vector machine classify road or bridge defect

patterns.

Machine learning models are ugatharily in other civil engineering fields thus fa@ather
than complex water pipe networkdalfawy & Hengmeelsai (2014 advisesusing automated
deficiency detection tools for sanitary sewer inspection pattern recognition algowtiotassify
pipe defects captured by CCTV inspection videos. A sdtistbgramsof oriented gradients
features extracted from positive and negative examples of the defect are used as classifiers to train
the algorithmYang & Su(2008, usedthree neurahetwork approachesabk-propagation neural
network, radial basis netwqgrnd supporvector machine to classify sewer pipe defect patterns.
For thisresearchCCTV inspection is used as an expert opiniime learning algorithims yet to

be used in a water pipe to classify defects and propose a mitigation methodology.

Themachinelearningalgorithm has been used rarely as a decisiaking tool in the water
industry. Kumar et al(2018 used a machinkearning algorithm to predict the risk of failure on
water infrastructure. The model considered limited pipgsical conditio propertesas variables

in the machine learning moddabir et al.(2015 used Bayesian Model Averaging method to
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predict pipe failure. The influential piplependent and timgependent covariateme used to
develop the survival curves apdedict thewater pipe failure rates. Asnémsi et al.(2013 used

the Artificial Neural Network method to prioritize Watermain repair and replacement activities.
Eight independent pipe physical properigsemployed as variables influencing the water pipe
failurerate. Al Barqawi& Zayed (2006)proposed another Artificial NeurBletwork approacion
condition rating model tprioritize water pipeehabilitation Water pipephysical, environmental,

and operational factorare considered on limited water pipe matesialable 3-1 summarizes

linear machine learning models. A comprehensive machine learning algorithm model, which
includes condition, performance, and criticality variables and automates capital project decisions,

is yet to be propsed.

Neglecting aging infrastructure, especially in older cigeshere large portions of the
water infrastructure were laid more than a century ago and have passed their operasunchlife
asthe Cty of Toronto;can cause massive property damage bgding homes and businesses,
creatng large sinkholes that destroy roads and vehicles on those roads, lead to leaks into gas lines
preventing homes from receiving heat, and destroy power lines preventing homes from receiving

power(Jerome, 2017)

Table3-1 Literature Review Summary

c S =
> c
Machine Learnin LIl £ é % = %
9 | Network| Research Fields S = o | 8¢
Models Study = o 2 |56
O g O | =8
Sanitary Sewr Pipe
Caradot et al. 2018 No Deterioration Model U U U U
: Prioritizing and Ranking
Tagh Bostani, 2015 No Bridge Rehabilitation \ U U \
Classifying Sanitary
Souseet al.,2014 No Sewer Condition \ U U U
Halfawy & Hengmeechai, Automate Sanitary Sewsd
2014 No Pipe Deficiency Ranking v U U U
Prioritizing Sanitary
Harvey, &McBean 2013 No Sewer Inspection \% U U U
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Ravikumaret al, 2011 No Priogiﬂgg”i;?gnWay \% U U \%
Yang & Su, 2008 No C:;;z%gfigtg;tifrﬁe' \Y U U U
Kumar et al. 2018 Yes Vslaiﬁigi;h;rlzfﬁag; \% U U U
Ahmadiet al, 2015 Yes P”O”t:ﬁisnp?e\c’\t’izfr Pieel v | u | u| u
Kabir et al, 2015 Yes Predicting;i?fn\aNater Pip \% U U U
Asnaasharet al, 2013 Yes Rzg(;riirﬁ;inndg R\’Aéﬁfl;illiatz?o \% U U \%
Al Bargawi & Zayed, 2006 Yes C(I:aosr?gi)t/i(\)/\r/]ag;rtiiigpe \ \ \% U

With the onset of agng water infrastructurdimited availableresources tonaintainthe
samelLevel of ServicgLOS) are an onerous responsibiltfRC, CNRC, 2007)By automating
capital acwity decisioamaking proceses, not only consistency and defsrability would be
added to capital activities decisigbsit also the resources can be spending on maelled water

asset maintenance activities.

While expert opinions are subjectjigs required to be supported by consistent decision
making modelgAven, 2016) Prioritizing watermain capital activitiesa complete modéing
approachis needed anglet to be proposed. Thstudy's resultsmay provide a baseknthat could
potentially be used to benchmark tlatermain performance measurement at different levels of
municipal organizationg.he proposethethodautomates aneplicates expertopinion.Classifier
models with machine learningreinspired byvariousdisciplines, including computer science,
medical, and other engineering fields. Machine leartinthe authds knowledge has not been
applied toprioritize capital works activities foa municipal water pip@etwork The core function
of Machine Learnig attempts taleterminea good predictousingavailable datéo automatically
classifythe output (Igbal & Yan, 2015). Classification is the process of using a model to predict
unknown values using several known values. The database with all knownesigbhlled a

training database that is used to develog\Naire Bayes Classifier (NBGhodel.
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In summary, past studies confirm that due to several complexities, unceriaanties
imperfection othewaternetworkand its available datthere is a neefibr a comprehensive multi
criteria database to prioritize pipe maintenance de@iased on engineering expert judgment.
An automated machine learning model for consistent raking of exiatatgr pipecondition,
performanceand criticality of all wate pipes througtMWN is required to automate tloapital

activities decisiormakingprocess.
3.1.2Methodology

This chaptels main objectiveis to build supervised machine learning models on
rehabilitation and replacement of water infrastructareeplicate enigeering judgmentor linear
water infrastructure's capital activitieBhis study proposes a decision support tool that will add
consistency and defeeability to the water pipescapital program. Ths study would save
municipalities mucieeded resourcds/ automating the screening process by categorizing data
to classified score systamassigned by professional3he larning algorithmwill repeat
engineering decisions automatically. Toieaptemwill explain the machine learningethodology

to rankthe entirewater system with mukbbjective mitigation scenarso

This research introduces two models to prioritize water pipes based on their condition,
performanceand criticality properties and mitigatiragpital projectecisiors based on expes
opinions. The outcome of these models are classifying all waterspipéhin the MWN for
conditionandperformancento five prioritizing classes as (very poor, poarpderate good, and
very good) anctriticality of water pipes ifive classes as (very high,aderately high, medium,
moderately low and very lowinitigating capital activities ifiour different classes as (do nothing,
rehab and renovate using trenchless technology, replace with the same pipe size, upsize or replace
with larger size pipe)This chapterintroduces the NBGnodel with a supervised learning
algorithm. The proposed model will be trained using engineering judgment and expert opinion and

can replicate the same decisions.

Figure 3-1 summarizes the NBC model in &w chart. NBC requires having prior,
posterior, and likelihood distributions. The prior and posterior classes are calculated from separate

information for the same water pipes within the MWN. Variable values to calculate prior and
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posterior classeare gaheredfrom two different sourceslhe left part of thd=igure 3-1 shows

prior classes are calculated using initial assigned variable values by a municipal eridieeer.

right part of the~igure3-1 shows psterior classes or target classes are calculatedtusisgrvey

results by askingprofessional engineers who are considered experts in the municipal water
industry. Class boundaries are set based on the minimum and maximum scores calculated for all
pipes within the database. The supervised machine learning algorithm calculates the likelihood
distributions to develop the decision tree rules and weightxe it replicates the information

contained within the likelihood distribution
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NAive Bayes Classifier Machine Learning Algorithm
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Figure3-1 Naive Bayes Classifier Flow Chart
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The proposed model is organized into two levels. The firspisoaitization modelthat
classifies each pipe within the MWN into five classes for condition, performance andlityitic
based on expert opinioithe second is a mitigation adlel that assigns a capital plan activity to
each pipe withiMWN is based on expert judgemeihe Pllowing sectionexplain thedatabase
andtwo-level model developmenthe model is downloadddom NumPy and SciPiibrary and

prepared in Python scripting language available in GIS.

3.2 Data and Variables

According to recommended best practice 2005, all North American Municipalities are
obligated to store their water assets informatioAncGIS format. The storedrcGIS shapefile
water database is called the MWN. This database includei$ hot limited toall water pipe
attributesrequired properties fahe proposed NB@nodels These databases are included water
pipe information such adiameter,the total number of breakspil conditims, location, and
location or accessibility. Some water pipéormation isnot timedependenthatwill not change
over time. But there isme-dependent informatioripr example, pipe diameter and material will
not changebut the Remaining Service Lifand number of breaks may change over time. This
information is collecteds a set of attributas, and with each attribute being assigned a variable
valuew by beingcategorized ito one ofseveral bins'Qvith set boundaries. All bithresholds
and boundariearedescribedn detailin Chapter2. Table 3-2 summaries the list of variables
considered in Condition, Performance and Criticality classifiers.
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Table3-2 List of Variables Considered for Condition, Performance and Criticality

Condition Variables™)

Performance Variable§Y)

Criticality Variables (Y )

breaks within the

|ateststandards

Remaining Service | Waterpressurdoss | @ Pipediameter W
Life

Total number of @ Waterquality W Pipelocation W
breaks

Total number of () Conformance to w Pipeaccessibility (W)

lastfive years

Maintenancendex W

Scores are the sum of all variable values. Bomation for Condition ScoréY,

Performance Scoré&’, and Criticality ScoréY , is repeated from Chapter 2 as:

Y oW W W W

31
Y w w

3-2
Y O w

33
000 YO Yo Y 0

34

Municipal engineers working for municipalities are responsible for reviewing and keep
MWN up-to-date. Municipal engineers are also responsible for capital activities according to
information available ithe MWN databaskor pipecondition, performance, and criticality. Based
on engineering judgment, each municipal engineer follows different criteria for planning and
prioritizing capital activities within a different municipality to keep the LOS. There is no
standardizeanethod among all municipalities for planning and prioritizing capital activities. The
goal of this effort is to produce a model predicted classification of watermain that standardize and
prioritize capital activities for water pipes to keep the same LO&grall municipalities based

on expert judgment
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NBC algorithm is well suited for the extensive database with many data [suintsashe
MWN databaseMWN is a water pipe inventory, an@de&h pipes considered a data point in the
databaseThe MWN databse includes all variable measuriegnditions, performance, and
criticality explained in Chapter 2.ariables could be continuous, categoricalbinary Variable
collection and boundaries are done by a municipal engineer initially, as described inr hapte
The expert opinion may deviate from the municipal engineer's decision. Since the municipal
engineer judgement is aggregated to local MWN and expert opinicaing/raligned with general
industry best practice. For instance, one MWN maybe consigpes$,pwhich are all relatively
short Remaining Service Lifebut not all pipes with lonRemaining Service Lifevould be
classified the same, especially compared to
prioritizing pipes in the MWN based on thexcessive age is not informative.

To benchmark the variable values and boundaries, a survey questipnepared and
asked professional engineers experts in the water industry to evaluate the variables, assign variable
values and boundaries to allesgted attributesAs shown inTable3-3, each d#a point represents
a water pipe in the MWN database; every pipe have all variable values assigned by the Municipal
engineerw and assigned by expeit . Each vater pipe fits into one bin for each variable with
one variable value that is assigned a municipal engineer and one bin with one variable value that
is accredited by expert opinion. Therefore, each pipe within the MWN has one score

"YRYRO £Y andd 6 &omputed from municipal engineer assign variable valndone Target

Score "YAYAY ¢ O UOcal cul ated from expertods assigned

performance, and criticality.
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Table3-3 Supervised Learning Data Organization

Municipal Engineer Assigned Expert Assigned (Target) Model Predicted
Data Point . . . . . . . . .

Atiributes ata o Pipe 1 Pipe2 |...|...] Pipen Pipe 1 Pipe2 |...|...] Pipen | Pipel | Pipe2 |...|...| Pipen

Variable 1 - (RSL) Vrs;1 Vestiz ||| Vesin VRSLL1 T7R:§I_i,2 I7R5Li,." NA NA |...]...] NA

Variable 2 - TB Vegga | Vregz ||| Vren | Visia Vrgiz ||| Vram | NA | NA ||| mNa

Variable Value 3 - 7 = 77

manF\;;l 2 VBLrvy;1 Veirvy;2|...|... VeLevyin Varrry, 1 Verrvy,2 | ... | ... VeLrvy,n| NA NA [|...]...] NA
Variable Value 4-X | Va1 Viiz ||| Ve | Ve Veia ||| Vxm NA | Na |..|..| NA
Variable Value 10 - AC| Vacit | Vaciz |...|...| Vacin | Vaca Vac,e ||| Vacn | NaA | NA ||| NA
Condition Score Se, Sc, Sc, §C1 §Cz S_Cn NA NA |...]...] NA
Performance Score Sea Sp, Spn §P1 §P2 §pn NA NA |...]...|] NA
Criticality Score Ser, Seey || Sen, | S Cr, Se, | NA | NA ||| NA
Condition Class ij.l CC]-,Z (ch,n @C],] @Cj,z «_:ijﬂ ECj',l Ecj_g Ecj,n
Performance Class (CP,--I CP,'-Z G:)Pj,n (CPj,l (ipjlz CPf,n Epj’l (:ij_z Epi,n
Criticality Class Cerin Cerjz | |... Cerjn @Cr'}-,l @er,z (_:er,n (Ec,ri,1 Eer,z CCTj-"
Weights We, We, We, We, Wp, WC,- VT/RSL: VT/TB, VT/BLFV( ------- VT’AC

PAN PAN; PAN; |.[...| PAN. | P4N, PAN, |...|...| PAN, | NA NA ||| Na
Mitigation Class Cpan;a Coanjz |..|... CPANj.n (CPANj-l @PAN]"Z (EPANj,n CPAerl EPAN]-,Z EPANj,n

As it shows inTable 3-3, each pipe within the MWN have condition, performance and
criticality and mitigation classifierse N Qi wé 40 ¢ HO0 RDE Qi@ ¢ ‘Gnd
E N O£&) £ ERNTH o "Qa Oy dd) "R&ah®@i iQ R tha are assigned by a municipal

engineele fE fE G ‘®  and Classifiers assigned by expertslte ke ® ¢ ©  and

model predicted classifiers fe fe @& € . In the supervised learning algorith all

classifiesand variableshust be independe(arucciWellmanaet al, 2017) For examplewater

pipe variables such @gpe diameter and pipe location are not statistically related. Therbiid(z,

is an excellentandidate to be used &nwater ppe system

Thefollowing sections discuswodel developmergndhow the classifierare assigned for

both municipal engineers assigned classes and target claBsesnitigation algorithm ensures
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reproducibility on the defensible engineeringcision,while the prioritization model provides

explanatory eidence supporting the decision.
3.3Model Development

The model isdevelopedusing NBCwith supervised learning algorithmetiods. The
presence of target values in the training database makes the machiimg lelyorithm consider

supervised learninglgbal & Yan, 2015) The variableso are selectedising a preset bin

thresholdfor properties measuring condition, performarasel criticalityexplained in Chapter.2

The model consists of several modules using the 4@ databasesThe model s 6
classifies all water pigewithin MWN based on their condition, performance, criticality. This
model classifies capital work mitigation technology such as (Do Nothing, Rehabilitation,

Replacement, and Upsize) for each pipe within the MWN.

Prior Posterior
Distributions Distribution
Naive Bayes
Algorithm

Likelihood (7]

............... >D|SIr|bU“OnS <‘E covesfleccnsenacannt

S

Y &
Develop = g
Classification T C
Decision 3 ©
- O
Tree S -

Rules g_

>

n

Model Output
Predicted Classes

Figure3-2 Supervised Naive Bayes Learning Algorithm Flow Chart
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Figure3-2 summarizes the NBC model in a flow chart. The NBC model requires having
prior, posterior, and likelihood distributions. As showrFigure3-2, prior and posterior classes
are calculagd from separate informatidior the same pipes within the same MWN. Variable
values to calculate prior and posterior classegyatherettom two different sources. Prior classes
are calculagd using initial assigned variable values by a municipal engineer. Posterior classes or
target classeare calculated usinthe survey results by askingrofessional engineers who are
considered experts in the municipal water industry. Class boundarset Besed on the minimum
and maximum scores calculated for all pipes within the database. The supervised machine learning
algorithm calculates the likelihood distributions between each variable bin and posterior classes
(target classes) to develop the idem tree matrixto replicatethe information contained within
the likelihood distribution

Therefore, the NBC model is trained on posterior classes and is able to replicate the same
classes for similar water pipes with similar attributes. Thus, the MBE& ,a supervised learning
algorithm model, is capable of repeating expert opinion for condition, performance, criticality, and

mitigation classes.
3.3.1NaiveBayesClassifier

Baye® Theorem is a simple but powerful prediction model widely used to perform
classification tasks with a strong assumption of independence among vafidb$sen, 1965)
TheNBC algorithm is a method that uses the probabilities of each vali@ibdnging to each class
to make a prediction (Kuhn & Johnso8013). It often performs well in many reabrld
applications, regardless of the strong assumption that features are independerdi@asséChheri
& Mammadov, 2013)NBC assumes thall variables are independent of each other, eaxch
variable onlydepends on the clagBaheri & Mammadov, 2012)

NBC is useful for highdimensional data as the probability of each feature is estimated

independently. IE represent the clas®)of an observatiovariable Valuew . Then to predict
the class of the observatiom by the Bayes rule, the highest posterior probability should be

found. In the NE, using the assumption that variabléshi hd F8 hid are conditionally

independent of each other given the class.
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3-5

C4
8.

NBC assumes theffeds of a predictord onclasse that is assignetly the municipal
engineer All predictors or variables and their bins and all classes are indepebdentis the
prior probabilityof each variable valui@ a particulamprior class "Qthat is initially assigned by a
municipal enginee & € s the likelihood probability of a pipe which the municipal engineer
assigned variablé and bin "Qappearinclass .0 @ is the probability of @ipe within MWN
that have engineer assigned variable valuand bin 'Q 0 E <0 is the posterioprobability
of classfor a given predictoe that is variable® and bin "Q The goal of the NBC model is to
predict aposterior class using the highest probabibifyoccurrence of the predictasy on class
E (Taheri & Mammadov, 2013)This meanghe modeldeterminsthe probability of a pipe with
certain variable value® would be in certain condition clas® The NBC model replicate the
likelihood distributiond @ < using decisioftreelike-rules assuming thab e and
0 « are fixed, while being trained to the posteriatdbutiond £ < . The NBC predicts
a posterior probabilities using Equati@sb and expert assigned variable valu@ssupervised
learning algorithm uses the prior and posterior distributtorthe expected clasE similar to

expert assigned classes (target clagses)

3.3.2Supervised Machine Learning Algorithm

In the machine learning algorithm, each data point or water pipe in i\Waypresenteds

a set of variablesw o ho 8 o . These variables could be conmfus, categorical, or
binary. When the training databds&ve the samattributes andrariable informatiorasa known

target clasg , the learning scheme is recognized as superyigbdl & Yan, 2015)

Supervised learning aintg build a concise model of the distribution of ckse terms of
predictor feature@otsiantis, 2007)Supervised learning is the machine learning task of legrni
a function that maps an input to an outpug based on examplénput-output pairs déed

target classe@Russell & Norvig, 2010)This process is called model trainjiagd this target data
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is called training data consistiraj a set of taining examplegMohri et al, 2012) The search
algorithm looks for similar instances to train the NBC model using a training database with
supervised machine learnitg produce rulesmaking predictionsin future instances using the
same rulesn otherwater networksexcluding the training databagkgbal & Yan, 2015) In
supervised learning, each example is a pair consisting of an input object (variableowahre)

the desired output value (targelasg e . A supervised learning algorithm analyzke training

data (target classps and produces an inferred function (weights for each variable values), which

can be usedf mapping new exmplegRussell & Norvig, 2010)

Machine learning rules are very similar to decision t(egsal & Yan, 2015) The decision
trees can be translated into a set of rules. A separate rule fossilbie paths that predict a class
(Salzberg, 1993)Therefore, the supervised learning algorithm is capable of replicatiggt
classe€ that is assigned by expert with relatively high accuracy ub@gkelihood distributions
B 0w < fromEquation3-5 (Furnkranz, 1999)Classification rulesummarizdikelihood
distributions similar to decisietree thatapples the decision rout® represent eactlass by the
disjunctive normal distribution. If each data points have the same variable informatiasith
known prior clas€ and targetlasse , then the learning scheme is known as super\isgal
& Yan, 2015) The supervised learning algorithm goes through the database and adjusts the
weights for each variable after each line. Machinlearning repeats the weightljusting over
and over again to get the highest accuracy possible, predicting the target 8gssaaparing
thee ande for all data points within the training database, the supervised learning algorithm is
trained topredict the classe® similar to target classe$hus the model igrainedto predict the

targetclass with high accuracy.

The MWN database from a municipality in southern Ontario is used to develop and train
this model. This model is testexh another MWN database from a different municipality in
southern Ontario. Using NBC, supervised learning algorithms is a novel contribution to the water

industry.
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A comprehensive MWN database with all pipe attributes and variable values for properties
measuring condition, performance, criticality, and mitigation is needed to have prior and posterior

distributions and classes.
3.3.2.1Prior Distribution

To compute the prior distributiob e for the prior classes the model takes several
steps using the municipality water network databBggire 3-3 that is the left part ofFigure3-1
summarizesthe pior distribution methodology. The following sections provide detailed

information for all enumerated green sections includdeégare3-3.

As itis explained in SectioB.2in this chapter, the MWN database contains all variables
and variable values for every pipe within MWN to calculate Condition, Performance and

Criticality Scores.

Typically, municipal engineers at municipalities are responsible for identifying the
factors andattributes to be used in prioritizing and planning Capital work, where these variables
and attributes are measured and hence relevant to their municipality, based on their engineering
judgment.Although the variable and variable bin thresholds are exgdaim Chapter 2, they can
be changed as needed by different municipality unique MWN database. The municipal engineer

assigned values is the initial assumption that will be benchmarked against the expert opinion.

Municipal engineers assign variable valuesare assigned based on their importance

to all bins on the scale of 0 to 15 (0 to the least important and 15 to the most important) using their

engineering judgment. The 0 to 15 scale is consistent for all variable values and scores.

Condition, Peformance and Criticality Scoré/AiYh& ¢ TY and PAN for each pipe
segment within MWN is calculated using Equati@akto 3-4 with municipal engineer assigned
variable valueso and weightso o hio g @  for all pipes in MWN as it is shown ifiable

3-3.

All attributes @ , bins "Q variable valueso , Condition ScoréY, Performance Score

“Y and Criticality Score™Y and PAN thatthe municipal engineers assignace determined.
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Therefore, the NBC model can compute the frequency of each pipe occurrence in each class to
compute prior distributio® E using Equatior8-5. The Maximum and Minimum Scores and

PAN are calculated within the MWNigure3-4 shows the sample frequency histogram for a few
variables in the MWN. The NBC deduce all probabilities of different Scores and PANSs.

Figure 3-5 shows sample probability density graphs for Scores and PAN for the MWN
database. The O&P prioritization model requires having all variables distributed in the MWN.

The NBC distributions classify the calculated municipal ieser Condition, and
Performance Scorasto five uniform classegVery Poor, PoorModerate Good, and Very Good)
0 . The NBC classifies th€riticality Score into five uniform classes (Very High, Moderately
High, Medium, Moderately Low, Veryow). As shown in Equatior8-6, the intersection of
variable values represents a number that would identify the classes. The calculated number would

fit into one classifier interval.
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Total Number of Breaks Remaining Service Life
35.00% 31.27% 31.25%
100.00% °21-20% 30.00% 26.54%
£ 80.00% 25.00% =
S 60.00% 20.00% e
3 40.00% 15.00% 10.93% g
£ 20.00% 8.28% aj95 10%  10.00% i
0.00% - 5.00% l b
V(TB1), V(TB2), V(TB3), V(TB4),  0.00%
(0Break) (14 (59  (more V(RSL4),  V(RSL3),  V(RSL2),  V(RSL1),
Breaks) Breaks) than9 (more than (between (between 15 (Lessthan
Breaks) 50 years) 30-50 years) to 30years) 15 years)
100.00% 78.35% Pipe Diameter S
80.00% Z
60.00% §
40.00% 18.42% 5
20.00% - 2.19% 1.04% LL.
0.00%
V(D1), (Pipe diameteris  V(D2), (Pipe diameteris  V(D3), (Pipe diameteris  V(D4), (Pipe diameter is
larger than 750mm between 600mm and between 300mm and smaller than Diameter)
Diameter) 750mm Diameter) 600mm Diameter)
Pipe Diameter Bins
Figure3-4 Frequency Histograms for a few Variables
(@™ o  88KE 3-6
Al 1l ¢l assi f isepardies byiequtl size beawdensmaliesand highest

scoreswithin the water networkystemAll intervals are evenly dtributed between the best

pipe and the worst pipe within the MWN. Equati@s, 3-8 and3-9 show the calculation and

Table3-4s hows the classifierodés interval s.
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Table3-4 Municipal Engineer Class Intervals

Boundaries CEmEIToT Ee Criticality Class
Performance Class

0 to smallest score & Very Good Very Low
(smallest score & ) to (smallest
Score + %) Good Moderately Low
(smallest Score ¢ @ ) to (smallest Moderate Medium
Score + 8)
(smallest Score 6 @ to (smallest :
Score + ) Poor Moderately High
(smallest Score + @) to (smallest :
Score + &) Very Poor Very High

ThePAN: s calculated using municipal engineer assigned variable values and weights wit
Equation3-4 classified into four even intervals. The PAN intenaalsthe equal size betweethe
smallest PAN anthe highesPAN calculated for all pipes withihe MWN. Equation3-10shows
the calculabn, andTable3-5 shows the classifiés intervals

, AOQAOBI AT0OROO, 3-10
&1 @0 AOOAOD ©

Knowing all classifier intervals, Scores, and PAN, the NBC classifies all pipes within
MWN into five classes for Condition, Performance andi€xiity and four Classes for PAN. Thus
each water pipe within the MWN has a Condition Class, Performance Class, Criticality class, and
Mitigation class.

Table3-5 Municipal EngineePAN Intervals

Boundaries Target Class

0 to smallest PAN © Do Nothing

Rehabilitate and Renovate Using

(smallest PAN 0 ) to (smallest PAN +@ ) Trenchless Technology

(smallest PAN 4@ ) to (smallest PAN +@ ) Replace with the Same Pipe Size

Replace with Larger Pipe SitdJp

(smallest PAN 4000 ) to (smallest PAN +& ) Size
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Number of Breaks vs Condition classes

100%

V(TB4), (more than 9 Breaks)
50%
V(TB3), (5-9 Breaks)
0% _— mV(TB2), (1-4 Breaks)
2 3 4 5

m V(TB1), (O Break)

Frequencey %

Condition Classes

Pressure Loss vs Performance Score

100%
80%
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40%
20% mV(PL2), (PL between 15 and 35 Kpa)

0%

V(PL 1), (PL >34 Kpa)

Frequency %

m V(PL3), (PL<14 Kpa)
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Performance Classes

Pipe Location vs Criticality Score
100%

50%
W V(L1), (Pipe Located wihin ESPA)
0% m V(L2), (Pipe Located outside ESPA)
2 3 4 5

Criticality Classes

Frequency %

Figure3-6 Sample Variable Value Frequency for Condition, Performance and Criticality Classes

At this stage, when all municipal engineer assigned classes are known. The NBC will
compute the frequency of a pipe within each bin that appears in each class fonditlo@s,
Performance, Criticality, and PAN, creating thelihood distributiond &g in Equation 3
1. The model calculates all distributions for all possible pipe scenarios in the water network. These

distributions are used as the prior distribution in NBC supervised learning.

Figure3-6 showsa few frequency histograms as an example for Condition, Performance

and Criticality Classes. NBC requires to have posterior distribution to continue.
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3.3.2.2Posterior Distribution

To computethe posterior distribution for the posterigtassesnodel takes sevdrateps
Figure3-7 that is the righpart of Figure3-1 summarizes the posteridistribution methodology.

The following yellow enumerated sections are referencing the numbers presdritpde3-7.

Theprimary goal of the proposed methodology is to have a prioritized capital activities
plan for MWN based on expert opinion. A survey questiosi@repared and circulated among
experts in the municipal water industry to captutpest opinion. Survey preparation and model

parameterization is explained in the next chapter in detail.

In the survey questionethe experts are asked to assignaviable valus @ to all
variablesi each binQhatis identified by a municipal engineer explained in the previous section.
All experts assigned variable valugs and weightso are collected from the survey questioned,

and they all arexplained in the next chapter.

The arithmetic means of all expert assigned variable values are used as the expert
assigned a variable valee for each binQAIl survey questions, expert assigned variable bins,

and arithmetic mean calculatis are presented in detail in the next chapter.

The Experts assigned variable values and weights are appointed all pipes in the MWN
database. This is a link between pfior 0 @ DI and posteriod 6lgo  distributions (see
Equation3-5) that both distributions used the same database and the same network. Condition
Score’Y, Performance Scofd, Criticality Score’Y , andd & (@re once again calculated for @ip
within the MWN using the expertoés assigned var
with the expert assigned values are called Target Scores andithis called Target PAN. The
same equations are used to calculate Target Scoresaageet PAN as municipal engineer scores
and PAN.
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Having all expert assigned variable values, Target Condition, Performance and
Criticality Scores and Target PAN, the NBC model can compute the frequency of each pipe
occurrence from the MWN in each bin. The Maximum and Minimum Target Scodebaaget
PAN are calculated for pipes in MWIRigure 3-8 shows a sample distribution for Target Scores
and PAN.

Similar to municipal engineer assigned scores, TargeteSare classifiednto five
uniform classes (Very Poor, PooModerate, Good, and Very Good) for Condition, and
Performance and (Very Low, Moderately Low, Medium, Moderately High, and Very High) for
Criticality that is called Target Classes As shown in the equation, the intersection of all expert

assigned variable values leads to a number that is fitted into a classifier interval for assigning a

pipe class.
W~ w "  88kE 311
Al l cl assi f isepardies byiequal size beawidemsmallesfrarget $ore and

the largest Target Score calculated for pipes within the MWN system. All boundaries are evenly
distributed between the best pipedahe worst pipe within the water network. EquatiGrk2,

3-13and3-14 show the calculation anthble3-6s hows t he c¢cl assi fierébés bo

0 ®i QRO iIYa da &YQi o

——— w 3-12
WO Wi | Qi
DOl QOB ra oo aYQi 0,
VT S a— W 313
VWO Wi | Qi
”n "‘I “Q‘@i ‘“Y ’ By \ “‘ﬁi \
DLW oYd a a O(I) 314

vwa wi i Qi

Table3-6 Expert AssignedClassintervals
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Condition and

Boundaries Performance Class Criticality Class
0 to smallest Target Scorei¥ Very Good Very Low
(smallest Target Scorec ) to
(smallest Target Score £ Good Moderatelyl.ow
(smallest Target Scoreckd ) to .
(smallest Target Score 03 Moderate Medium
(smallest Target Scoreatd  to .
(smallest Target Score % Poor Moderately High
(smallest Target Scoret) to (largest Very Poor Very High

Target Scme)

Targetd & (computed using Equati®4. Targetd 6 (classifiedinto 4 uniform classs.

Target0 o (classifiefs intervalsare assignedusing expert opinion captured by survey
results using seeral pipe scenarios. All water pipes within the MWN have a Target Mitigation

classe assigned to it.

Knowing all targetclassifier intervals, Scores afdd {ithe NBC classifies all pipes
within the MWN into five classes for Target Conditiéterformance and Criticality and 4 Classes
for 0 & (according to expert opinion. Thusach pipe within the MWN has a Target Condition
Class, Target Performance Class, Target Criticality Class and Target Mitigation Class assigned by

expert opinion.

All Target Classes are known, the NBC model will compute the frequency of a pipe
within each bin that appears in each Target Class as the posterior distribufioo in
Equation 31 for all Conditions, Performance, Criticality and\R. The model calculates all
distributions for all possible pipe scenarios in the water network. These distributions are the
posterior distribution in NBC supervised learning.

Figure 3-9 shows a few frequency histograms as an etanfor Target Condition,

Performance and Criticality Classes.

63



At this stage, the NBC model has mlland Target classes. Based on the frequency of
each occurrencehe karning algorithm willink between each bimariable "Qto the municipal
engineer assignetasse . Then compares the difference between the municipal engineereassig

classe and expert opinion Target Class

Number of Breaks vs Target Condition classes
100%

V(TB4), (more than 9 Breaks)
50%
m V(TB3), (5-9 Breaks)
0%
1 2 3 4 5

Frequencey %

mV(TB2), (1-4 Breaks)

mV(TB1), (O Break)
Condition Class

Conformance to Latest Standard vs Target Performance
Score
100%

X 80%
= m V(CLS 1), Not Conforming Latest
2 60% Standard
o andar
2 40% )
S H0% m V(CLS 2}, Conforming Latest
- Standard

0%

1 2 3 4 5
Pipe Location vs Target Criticality Score
100%

X 80%
-
2 60%
[
o 40% mV(L1), (Pipe Located wihin ESPA)
2 S
w 20% mV(L2), (Pipe Located outside ESPA)

0%

1 2 3 4 5

Criticality Classes

Figure3-9 Sample Variable Value Frequency for Target Condition, Performance and
Criticality Classes

3.3.3Prioritization Models

The model outputs'rst level is condition, performance, and criticality classes to prioritize

all pipes in the MWN. For example, a pipe within the poor engineer assigned Condéagm C
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E 0 & €and poor Target Condition Clagss 0 ¢ éwould havevariable® (X = total
number of breakg§TB)) in 'Q Q& £ | 6@ &wdi ‘Q ¢ Mhe modelpredics that pipe A
belongs taheclass e 0 € ¢ diven the observatioriyé (pipe Aexperienced more than nine

breaks).The probabiliy that pipes A is conditioned o ; provided some evidené¥d; what
is the probability that pipe A belongs tparticularcondition clasg . The NBC model computes

all probabilities for all bins for all variables .

0 @ SE estimated byQ E W . The classifier model sets

the probability of expert predicted classes equal to model predicted classes. Therefore the model

predictsthe prioritization class by assigning weighte for each variable value.

The probability of the model predicted classhased on the variable value is:

DE ®w kOE o

3-15

E W W W w w 8
3-16
E E 3-17

The accuracy of the model is calculated based on comparing expert opinion assigned class

e and model forecasted classfor each pip&e k E . The NBC supervised learning algorithm

adjusts thelassifier prediction weight® at every prediction (each pipe in the MWN) until the

mo d e | prediction class is as accurate as poss

classesk . Therefore, after repeating the adjustment as many times as the number of data points
(pipes in the MWN), the initial municipal engineer assigned dassobsoletéKotsiantis, 2007)

The reason is model predkct classes are compared, and prediction weights are adjusted based on

expert assigned classes as many times as the MWN pipes. The NBC supervised learning

algorithm useshe deliberated weights from the training database and cantapptyo any dher

MWN database with similar water pipe attribute informat{blarveyet al, 2014) Therefore,
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using NBC supervised learning algorithm, assigning expert opinion on prioritizing water pipes for

Condition, Performance, and Criticality is automated.

Municipal Engineer
Assigned Classes

Engineer Vxi
Scores
Poor
/| Vxi
_..-{ Very Good | .-
- Vxi

Model Predicted

Classes DT
Supervised ST e T TTUIUTOROOnS, | C
W
Algorithm
Developing T NSO
Poor weights T /1 1. S

Good 1 Very Poor

Expert
Poor Assigned
Score

o

Very Good

%

Very Good

(190u1Buz jedidiunpy Aq 13s spjoysaiyl) sadid 1arepn Buiznuoud sajqerrep

Expert Assigned
Target Classes

Figure3-10 NB Prioritization Classifier Decision Tree

All problematic pipesvith regards to condition, performance and criticality measurements
are identified and markedising the prioritization models. Theghier class pipes am® be
considered for future investigationhe core function ofupervised machinedrning attempts is
to ask an algorithm to automatically find a good predictor based on training datepaatl the

decision after training for newstanceglgbal & Yan, 2015)

Figure 3-10 visualized the learning algorithm that predicts classes using Municipal

engineer assigned classes with the related variable for the corresponding praoriticatel. Then

compares the initial prediction with target classes assigned by experts to create weidbts
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each variable. The learning algorithm repeats the comparison and weight adjustment process as

many times as the number of pipeduded in theMWN database. The model would then predict
the same classes for any other pipe with a similar attribute that is not in the training database.

The proposed method will automate the condition prioritization for water pipes within a MWN
database.

3.3.4Mitigation Model

Having all pipe Condition, Performance and Criticality Classes, the mitigation model can make
a capital work decision for each pipe through the MWN. The Mitigation Classifier predicts a
mitigation class for each pipe in MWN bgwkloping weightso  for each variabled similar to

the Prioritization Classifier using EquatioBid5to 3-17 with a training databasé he supervised
learning algorithm automates capital project deas by predicting mitigation decisions like

Target Mitigation classes for each pipe in MWN. The learning algorithm compares the
predicted Mitigation Class with the mitigation classes given by experts and adjust the
predicted weightso as many times as the number of pipes in the training dataizsenodel
continuously identifies pipe incidentiearns the probabilitieand adapts weight for all
variablesuntil themodel iscapable of predicting the sartigation Class as Target Class

E for pipes with similar variable values with high accurablye Learning algorithm repeats

the comparison and weight adjustment until creating the weighitaith capable of predicting the

most accurate classifiers comparing with expert assigned classifiersk E

Figure 3-11 summarizes the decision tree logic of the Mitigation Model. The difference
between the Prioritization magls and Mitigation model are: (Pyioritization models use different
variable and variable values measuring condition, performance and criticality, but the mitigation
model uses all variable valuesad in prioritization models2] The Target Mitigation Classes are
assigned by experts directly using sample scenarios. In Prioritization models, the expert assigned

classes are given using minimum and maximum scores.
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Figure3-11 Mitigation Classifier Decision Tree

The supervised learning algorithm memorizes the developed rules from expert opinion and
weights from the training database. The predicted weightsare applied to deduce the same
decisions for all future instancebBherefore, the Mitigation Model can replicate the exppntion
and engineering judgements on other MWN pipes that are not included in the training database.
This model automates and standardizes the municipal engoa@aal activitiesdecisions
accodi ng t o t he eThipapprdaach's utijitia thagN@@ambie trained to rephte

the capital projecmitigationdecisionbased on professional best practices.
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The outcome of this approach is to introduce consistency andaduility into tactical and
operational decisions making whereby engineering professionals select and stage sets of
watermain pipes into projects for replacement and rehabilitaAdnmitigation classesare
populated in ArcGIS attribute data for each pifdgs automate engineering judgement algorithm
would save municipalities resources (time, money and human resources). Theseegudezh
resources could be used on mungeded capital and maintenance activities for ageing water

infrastructure.

3.4 Conclusions

This chapterattempts to develop a novel approach that would be a valuable link between
strategic, tactical, and operational levels to evaluate the Watermain system. This study could
automate the capital planning process using an artificial intelligence machine ledgarithm
that can replicate expert opinions. The first of its kind, the study investigates the feasibility of
developing a multiple criteria scoring system and measheaweighting factors among different
parameters to classify the condition, perforogrand criticality of the Watermain section based
on expert opinion. This attempt is using NBC supervised machine learning algorithms measuring
the condition, performance and criticality of all water pipes within the MWN and assigned a capital
work activiy for all pipes in the MWN for the first time. Finally, this method could be applied as
a decisioAmaking support tool for a smarter, safer, faster, more consistent, defensible and reliable

Watermain Capital activity decisiemaking system that saves tayers money.

This chapteris focused on model development and how to deduce the distributions and
explained the supervised machine learning algorithm that classifies all pipes in the MWN. The
next chapter will describe the expert opinion gathering wittiensfic survey methodology and

calculate the target values to parameterize the NBC model.
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Chapter 4

Capturing ExpEe€Srutr vepyi nQueermnst i o

Abstract

Themunicipalwaterplanningneeds to make prudeasset managemeaécisios forwater
infrastructure projects. North American water infrastructure is beginning to show its age,
particularly through water main breaks. Main breaks cause major disruptions in everyday life for
residents and businessepecially in larger citiedNorth American municipalities arstruggling
to develop tools and processes that respond to the problem proactively instead of reactively
(Kumar, et al., 2018)Barriess to a proactive maintenance progrdack standardregulatory
requirements due to complete ddion, criticality and performance assessment of the entire
system. In research provides complete condition, performancergicdlity assessments using
expert opinion gathered from a survéijne survey intend to gather expert opinion using a
scientific methodology to set a standardized framework on prioritizing municipal water network

capital activitiesThis methodology wiladdconsstency and defensibilitip capitalprograms.

Keywords: survey questioner ex pert 6s opini on, etealigni neer
ranking, mitigation technologgndcapital work activity
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4.1 Introduction

This Chapteris designed to capture expert opiniovia survey questioneto prioritize
condition, performance and criticality and provide a standardized engineergmygntion capital
plan mitigation solutions for all pipes within thWN. This effort is to develop a relatively
standard repeatable and defensible engineering decrsakimg method for water assets within a

municipal water network.
4.1.1Background

Several sidies have been completed to identify the essential ypgies asset
management parameters in decision making (Poole, 2014). (R0&6) suggests that decisions
should be supplemented with expert opinion lacking historical data and standards. Engineering
judgement and expert opinion vary by different people and different municipalities. The lack of
standardized and structured planning for watermain pipe replacement or renewal affects the
defenceability of capital work decisions (Black &eatch, 2018). Térefore, gathering expert
opinions will provide a broader understanding of risk and uncertainty and make the decision
making proess clearer (Linkov &amadan, 2005). Currently, the available methodology and the
tangled nature of parameters affect the waystem and the technologies applied to mitigate the
matter are not standardized (Westal, 2017). Identifying important parameters affecting the
watermain capital activities will also help improve frameworks and guidelines for the planning
and watermia capital activities (Mogliat al, 2011). Despite considerable research on wastewater
systems, few attempts have been made to explicitly define the complex water capital activities
(Kunzet al, 2016).

Engineering judgment and expert opinion are agaped by municipalities' geographical
needs and specific water system requiremdiitsabsence of standardized attributes for ranking
water pipes for condition, performance and criticality resualia lack of reliable capital activity
decisions by an et (Jung, 2009)Table 4-1 summarizes the related research in ranking and
prioritizing capital activities. Only three studies developed a survey to gather industry or expert
opinion. The Ontario Sewer and Water Construction Association published a report in 2018 to

rank the state of water and wastewater infrastructure in Ontario based on essential factors such as
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condition, performance and criticality. The general state of Ontario'srmaites is ranked
relatively poor for most municipalities. Although this report summarizes crucial factors in the

ranking, it did not assign any resolution to improve the pipe state.

Table4-1 Water Survey Lirature

©
Includes a - o =
Survey that S = = |8
Related Research includes Research Fields B 5 = L
i o Y= = =
ST O| & |C|=
criteria o
Black & Veatch, 2018 Yes Strategic Direction in the U.S.Wat Vv v v
Industry
State of Ontario Water ar
(OSWCA), 2018 ves Wastewater Infrastructure v v v U
Expert opinion on risks to the long
term viability of residential
Westet al, 2017 ves recycled water schemes: An v U U U
Australian study
Kunzet al, 2016 No Drivers for and against municipal v U U U
wastewater recycling
. Prioritizing Water Network
Carrico et al.2012 Yes Rehabilitation \Y \ U vV
Multi-criteria decision assessmen
using Subjective Logic:
Mogliaet al, 2011 No Methodology \Y V ) vV
and the case of urbaraver
strategies
Jung,2009 Yes Sub Surface Linear Utilities U U \% U
Linkov & Ramadan No Comparative Risk Assessment arj U U v v
2005 Environmental Decision Making

Black & Vetch (2018 generated a report about the water industry's strategisidn that
used condition, performance, and criticality variables to rank water pipes. There is no mitigation
technology offered to improve condition, performance and criticality state of the pipe. West et al.
(2017 gathered expert opinions to rank tteeycling water usage in Australia, including water

condition attributes for measuring lotgrm risks. They have created a survey to gather risk
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factors. Kunz et al(2016 developed a list of essential criteria ranking municipal wastewater
infrastructure They only relied on condition variables in ranking models. Carrico é2@l2
gathered information regarding prioritizing rehabilitation planned work for the water network. A
surveyis used to rank condition and performance variables in the pridigiizenodel. Moglia et

al. (2011 developed a mukcriteria decision assessment technique prioritizing capital activities
on MWN. This research did not gather any expert opinion and only considered condition and
performance criteria. Jur@009 ranked themportance of the linear infrastructure based on their
location and criticality variables. Some expert opinggathered for data comparison. Link&v
Ramadan (2005 compared risk assessments in prioritizing the maintenance activities, but only
criticality factors areused in their research. No survey questiaadound in gathering expert
opinion for ranking criteria and variables measuring condition, performance and criticality of water
pipes. The knowledge gap is having a standardized method gatherie x per t 6s opi n
condition, performance and criticality of the water pipe. There is no standardized opinion

mitigation solution to improve pipe conditions, performance and criticality scores.
4.1.2Methodology

This chapter's main goal is to create, et and analyze results from an expert opinion
survey in order to obtain target values of water pipe condition, performance and criticality ranking.
The survey questioner also gathered expertads
and repacement of water infrastructure. These target values are used to train-®Bhg@gbased
supervised machine | earning model . This study

proposed decision support tool.

To address this knowledge gap, a survegggionelis prepared to gather expert opinions
regarding the importance of criticality, condition, and performance on capital decisions. Experts
areasked to assign capital activities to several pipe scenarios. The survey data has been used as
target valies to train theNBC model to replicate the expert opinion. Also gathers engineering
judgment in mitigating a maintenance technology for different pipe conditions, performance and
criticality. This study's results may provide a baseline that could pdigbeaused to benchmark
the watermain performance measurement at different levels of municipal organizations. A method

to capture expert opinion is proposed. This study would save municipalities-needkd
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resources by automating the screening processatsgorizing data to classified score systems
assigned by professionals. The learning algorithm is able to repeat engineering decisions
automatically. This chapter will explain the database preparation effort, gathering expert opinion

on a multiobjectivemitigation scenario.
4.2 Survey Preparation

There are several survey questioner methods ava(@béatsley, 1983Yhe method used
for this questioner is the special population meitirdsser, et al2004) This method is designed
in a way to facilitate easy answers for the participants to ensure clarity by rating using numbers to
gather expert opinion. The method used in this questioner is called statistical mpdelaigped
in the 1950s and @anced in 2004 by Biemer. This method allows researchers to design shorter
scales that show more clear res@@®uper & Miller, 2008) Using this method will shorten the
guestioner by eliminating the remaining area questiinmaproving the survey's clarity by setting

smaller boundaries (Reeve & Masse, 2004).

This surveyis formulated using a common, consistent method to support the experts in
consistently presenting their knowledge. All possible risk factors affecting iwerestructureare
identified and asked to be ranked consistently. Hence, these factoadopted as an expert
opinion for setting target values explained in Chapters 2 and 3 for machine learning watermain
planning mitigation. The mitigation technologiare clearly defined and presented in a-foyr
four matrix. A fivepoint rating scale waadopted to enable ease of Ugaxteret al.(2015) to
reflect the scales commonly used in the industry. Particigaetiso requested to identify and

rate any aditional factors that could potentially impact water infrastructure.

To keep this survey in a manageable lentfta Venn method has been employed. Venn
method shows all possible logical relations between a finite collection of different sets in separate
diagrams(Bardou et al., 2014Also, usingthe Venn diagram method is aligned with the Naive
Bayes Algorithm requirement since it keeps all parameters separate and not related to each other
for better consistency. Vemtiagrams depict elements in the plane sets as regions inside closed
curvesseparate and not related to each offpra, 2003) For this surveyit is assumed each

curve represents one type of mitigation for pipe. For example, pipe replacemsigingpor
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rehabilitation. Therefore, sample scenara® designed to capture the expert's opinions in

overlapping areas to avoid repeating questions or add any confusion.

This survey set up iBurveyMonkey anchavethreemainsections. The first section collected
information about the experts and their experience in managaber distribution assets. The
second paris to rankthe condition, performance aratiticality of each water pipe bthe expert

to set target valuas for prioritizing modelsThe survey resuls usedas target values to train

the modefor the supervisetearning algorithnto classify watermain pipe segmeststo be able
to replicatethe experts opinionor target clasese . Questionsareset to gather expestvariable
valuesw and assigned weights .

The five-point scaleis deemed to reflect the scales commonly used in the industry. Hence
expert's assigned values for each dni@eadoptedas an expert opinion for setting variable values

w . Participantsrealso requested to identify and rate any additional factors that could potentially
impact water infrastructure. The survey results provided target variable valtescalculate

Target Condition Scordl , Target Performance ScoM and Target Criticality Scoré¥ .

Thereare four ranking questions regarding pipe conditions. These questions are found in
Appendix Al, Questions2lto 15.The rankingquestionsare asked based on common current
planning practices in Ontario. Hence, all survey participates should have been familiar with these
guestions, and their responsasireasonably be expected to be random samples of indestty b
practices. Therarethree ranking questions regarding the performance watermain. These questions
are found in Appendix Al, Question 16, Part a, b and c. Ereqeriestions regarding the criticality
measurement of the pipes. These questions are faulpendix Al, questions 17 and 18idt
also asked if experts believe any other critical scenario they would like to add in this part. This

part of the survey set the target valwues for the first layer of the \gpervisedNBC proposed

automaing initial water pipe assessment based on their condition and performance into five classes
(Very Good, Good, Moderate, Poor, and Very Poor) and criticality into five classes (Very Low,

Moderately Low, Medium, Moderately High and Very High).

The third pat of the survey contained questiarsng different water pipe scenartosgture

engineering judgement on assigniogpital decisions for each pipe fit to different scenarios.
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Questions contain a specific pipe scenario using conditionperformancee , and criticality

E classes to gather engineering decisions, mitigating pipe condition, performance and
criticality. This is to set thetargetclassese for the sipervisedNBC to mitigate acaptal
activity solution into four classes such as (Do Nothing, Rehabilitate and Renovate using

Trenchless Technology, Replace the pipe with the same pipe Size and Replace the pipe with Larger
Pipe Size (Ugbize)) for all pipes through tHdWN. Table4-2 summarizes all Target Classes
used to classifall water pipes itMWN data

Table4-2 Target Classes

Target Classes in Prioritization Model
Classes 1 2 3 4 5
Attributes (Very Good) (Good) (Moderate) (Poor) (Very Poor)
Target Condition Class Cc, Ce, Cc, Cc, Cc,
Target Performance Class (fp1 sz C Py Cp . Cp .
Classes 1 2 3 4 5
Attributes (Very Low) (Moderately Low) (Medium) (Moderately High) | (Very High)
Target Criticality Class €C1"1 @Crz CCrg Ccﬁ CCrs
Target Classes in Mitigation Model
3 4
Classes 1 2 . .
. . . Repl th th Repl th
Attributes (Do Nothing) (Rehabilitation) (Rep ace with The (Rep acewt
same Pipe size) | larger pipe Size)
Target Mitigation Class Cpan, @PANZ CPANE ([_:PAM

It assumed each Venn diagram curepresents one type of mitigati for pipe, for
example, doing nothing, replacing with the same pipe size, and replacing the larger pipe size (
sizing). Since each pipe only §in one scenario due to its independent HimsVenn diagrams
a well-suited and useful methodology tedp scenarios separated and clearaforexpert to

understandrigure4-1 presents the Venn diagram used for different pipe scenarios.

Each question's pipe scenarios are designed to focus on the key variable that affects the
expet opinion. For example, the difference between rehabilitation and replacement with the same

pipe size is the pipe criticality. Due to the pipe's criticality, it would be beneficial to replace the
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pipe for the longer pipe life expectancy than rehabilitater shorter life expectancy. Questions

are designed to cover all possible scenarios only once to keep the survey's length manageable.

Q. 20 Q.21
Q('bio (@) @)
©322 3 _ e ), Zil
(c) Cc, ’(ECZ and ch (EQ ’ (Eca ’ c';Q and @5 (b)
: CP,_and FP; ) CP;:CPZ ,_Cps and _CP4
Qd22 CC:] 5 CC‘rg ’ G‘::Cr} CC’I > Ccr_)_ ) CC,«3 al’ld CC’J
@ ch and CC’S 4 _
Cpan, Cpan,
Q.23 _ _ > )
Q(-b§3 (@) CPAN4 Cpa N; Cc,,Cc¢,and Cg,
Cp,Cp,,Cp,,
N3 = » = =
Q(c) Ec,and €q, ) C,} and_CpS
sz . CPJ and ([_:ps CCrl s CC,Z > C_C,3 > Q(.a§2
Q.23 Cc,,Cc, and Ce, Cc, and Cc,
(d) ’ Q.23 2, 22
) (b)
Q.23
()

Figure4-1 Venn Diagram for Different Pipe Scenarios

4.3 Parameterization of the NBC with Supervised LearningModel

The model includes two levels of analysis. Téestion explains the calculation of variable
values for Mitigation Models and expert assigned mitigation technologies.

4.3.1Survey Part | i Background Information about the Expert Respondents

The first part of the survey that included ten questismesigned to determine the level
of expertise, type of decision that they make and the size of the municipality and projects that they
have experienceForty-four experts ad decisioamakers completed the survelyigure 4-3

summarizes information about the experts who filled the survey. The majority of exqérntsn
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Ontarig with only six from another Canadian province (two from British Colomtwa from
Alberta one from NunavytandQuebec)Figure4-2 shows the spatial spread of expert's filled the
survey questioner frorme different municipality.

Table4-3 Information abotiExperts who filled our Survey Questioner

Total number of experts that filled out the survey 44
Total number of experts from Ontario 38
Total number of experts from other provinces 6
Total number of experts that have an asset management group muhaiipality 20
Total number of experts that have sufficient funds and a program for the next 5 8
years

Total number of experts that haatarge watermain network (more than 800 km) ir 9
their municipality

Total number of experts that have a watain network with an average age betwe 15
50 and 70 years
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Figure4-2 Number of Experts Filled the Survey Questioner from Municipalities in Ontario

Detailed information about survey results and all disgraanddata are presented in

Appendix A2 Most experts are from large municipalities with more than 100,000 people
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population. According to this collected information about experts, they represent various experts
who make decisions for water pipes. Therefmo resultsare eliminateddue to norrelevant

experience.

Eighty percent of experts who filled this survey are capital decisiakers in their
municipalities. Eighty percent have a separate asset management section and capital planning
department fotheir water assets. Fifty percent y spent more than $10 million on their water system
in the current fiscal year 2016. Thirty percent believed that their municipality has sufficient funds
and budget for capital activities of their watermain system to #eegame service level. Forty
percent believe that their municipality has sufficient programs and plans for the next ten years to

maintain and keep the current level of service for their watermain system.

4.3.2Survey Part Il T Ranking Questions For Prioritizati on Models Target

Variable Values

The questionaredesigned to match the variables and variable bins presented in Chapter
2 to calculate the expert assigned variable's values. Exgrerésked to use their engineering
judgement and experience to rank ahfes identified to measure the condition, performance and
criticality of water pipes. The same scédaused in the entire survey, and the assigned ssore
used as a variable value for each bin. These expert's assigned variablarealsed to calcula
target score values of condition, performance and criticality and subsequently classify each pipe
based orTable 3-3. The target classemre used to train théNBC with a sipervised learning

algorithm. Calculating target variablaluesw areexplained in the following sections.

4.3.2.1Target Condition Score (1)

As in Chapter2, four variablesdefined water pipe conditien(1) TheRemainingService
Life variablew ; (2) the btal number of breaks variablde (3) the total number of breaks the
last five years variabley ; and (4)the maintenance index variabde . Each variable is
dimensionless and enumerated using bins, where the values that bound each bin depend on

assignedhresholds based on standard or criteria relevant to each variableaiidfets questiors
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regarding pipe conditiaortheimportance of pipe age, pipe material, soil type, number of breaks

that each pipe experiersuestion 12 to 15). These questionsmesentedn Appendix Al.

The variablevalues assigned bgn expertvia survey areusedto calculate the Target

Condition ScoréY usingEquation4-1.

Y o w & 4-1
4.3.2.1.1Target Variable Values for Remaining Servi¢fe 4 .

To collect the expert's opinion regarding soil corrosiveness and its effects on water pipe
remaining service life, experts answered questions 14 and 15. The expert's answers dbafirmed
experts believe soil corrosiveness witlegt the pipe's service & Therefore, the pipe material

corrosion factor is needed.

To calculate the expéstpipe martial corrosive factdwo assigned life expectaiesof the
same pipe material in corrosive and rammrosive pipesare deductedthen translate to a
percentage to get the lifeduction factor. For instancexperts believedhe life expectancy of
Asbestos Cement (AC) pipasnoncorrosive soil is 67 years and in corrosive soil is 49 years. As
a result, experts believed corrosivél soould shorten theAC pipe's life expectanclyy 18 years
equal to 26% of the total life expectancy. The same type of calculation is used to measure all
corrosion material corrosion factorBable 4-4 showsan expét's assigned expected service life

for different pipe materials in corrosive and rmrrosive soils andalculatededuction factors

Using expert corrosive factora,single pipe'sRemaining Service Lifés calculatel for
every pipein the system basedn their soil type and soil environment. Below is a sample
calculation fotheRemaining Service Lifen noncorrosive soil and corrosive sédr an AC pipe

Table4-4 Expert's Assigned Reduction Factors

Expert's Opinion for Expert's Opinion for
Materia Type Estimated Service Life of Estimated Service Liff Expert's Reduction
' Different Pipe Materials il of Different Pipe Factor
Non-Corrosive Soil Materials in Corrosivg
Condition (Years) Soil Condition (Years T,
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Asbestos Cement @) 67 49 0.26
Cast Iron (@) 84 63 0.25
Ductile Iron (D) 71 52 0.26
PvC 85 81 0.04

CPRCONC 88 66 1
HDPE 91 87 0.25

1 Theexpected service life for an AC pipe is 70 years. The RSL forptpesin corrosive
soil would be calculateds

1 Using the asumed Reduction Factol¥ presented in Chapter 2: 507 (0.1x50) = 45
years

T Expertds Re dWw calculated frdmasarteyp nesults5071 (0.25x50) = 37.5

years

Experts askedo assignvaluesto the different RSLbins for watermipes (Question 12).
Table4-5 summarizes all variable values assigned by experts to different RSL bins. The arithmetic

mean or finattarget valuesw calculated and used in the model is presentebalie 4-5. All

individual probability densy histograms are in Appendix A2

All variable values are introduced and explained in Chapter 2. The initial assigned variable
values are called Municipal Engineer assigned values. The Municipal Engineer values are
explained in Chapted, Figure3-1, on the left side of the figure undieprior distribution section.

All Municipal Engineer Assigned values are introduced in Chapt€al3le3-3 under Municpal
Engineer Assigned Section. All Municipal Engineassigned variable values are on the scale of 0

to 15. The fivepoint rating scalgBaxter, Courage, & Caine, 2015} used in the survey
guestioner. Therefore, to compatese twescale, all fivepoints variable values assigned by
experts' via survey questioner are converted into an interval from 0 to 15 pointsdosiztent

with the PAN in apter2. The arithmetic mean values calculated to be used as expert's assigned

variable values presented in 15 points in all the below charts.

Table4-5 Expert Opinion Distribution for Water Pipes Remaining Service En'{_‘eﬂ()

How important is the Remaining Servicéd of theWatermain forcapital works (such as replacement or
rehabilitation) decisiomaking?The ore of 1 to 5 ("1" is not important while "5" is extremely important

Survey Response
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Survey ® Bin Total Arithmetic
Question Threshotls 1 2 3 4 5 Responses Mean
Remaining b (0-15)

12 (a), 12| Service w <15 0 2 8 | 15 2 28 10.5
(b), and | Life of Pipe [, 15-29
12 (c) (Years) ’ 5 13 8 2 0 28 6.7

W 30-50 20 2 2 2 2 28 5.1

w >50 0 0 0 0 0 0 0

4.3.2.1.2Variable Values for Total Number of Breakﬁ:ﬂ I

To calculatethe targetvalues w for the water pipe number of breaksxpertsasked to
assign a valuenthescale of 1 to 5 to each bin filbrenumber of breaks thatater pipe experienced
in its lifetime (Question 13). Then the arithmetic mean of all numbers is assigtieel @sget
variablevalue for each bin. All experts assigned value distributions are in App&2dibable4-6
shows all expertassigned values amadl arithmeticmean values calculated for each bin in (0 to

15 scale).

Table4-6 Expert Assigned Value Distribution for Total Number of Breaks i

How important is the total number of Watermain breakdfatermain capital works (replacement or
rehabilitation) decision making? The score of 1 to 5 ("1" is not important, while "5" is extremely impg
Survey 0 Bin Survey Response Total Qrétgrr]netlc
Question | Totq Thresholds 1T 5 T 3 T 4 T 5§ | "o°PONS& (0.15)
13(d) Number & [—; .

13(b)’ Watermain| @ 09 0 2 0 9 18 29 134
13(c)and | Breaks ¢ 5.8 | 2| 2| 2 |18 5 29 11.2

1 .
3(d) W 1-4 8 5 14 0 2 29 7.2
@ 0 17 6 2 2 2 29 5.4

4.3.2.1.3Variable Values for Number of Breaks in Last Five Yegfs | « » v

To eliminate confusion and repeat the total number of breaks question and keep the length
of the survey managbke; no additional questioaskedregarding the number of breaks in tast
five years. Therefore, the same assigned values as the total number of breaks to bins in the number

of breaks in théast fiveyears variableo

4.3.2.1.4variable Valuedor Maintenance Indexqu L
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Since Maintenance Index is a calculated value predented as eostbenefit analysis
method for the prioritization model, is consideredscientific and norexpert related. Therefore,
there is naguestiors aboutthis value. Thus the same assigned values and liresused for this

variable.Table4-7 sumnarized the assigned values tor .

Table4-7 Assignedvariable Values foMaintenancéndex ru 1)

MI Bins (i) ratio Values (i )
>5% pu
17 5% p Tt
<1% v

4.3.2.2Target Performance Scorg(rg

Three variablesdefine Performance Scoré€¥: (1) Water pipe HeadLoss pressure
lossw N(2) Variable Water Qualf  and;(3) Variable Conformance to Latest Standard .
All variables andrariablebins are explained in Chap@rThevariablevalues assigned by expert
viasurvey questioner are used as target values to set the Target clabsepddiormance model.
Each variable is dimensionless and enumerated using bins, where the values that bound each bin
depend on assigned thresholds based on standard or criteria relevant to each Wdmable
arithmetic means of all variable valuassigred to each bify experts are used to calculate the

Target Performance Scofé usingEquation4-2.

Y w W W 4-2
There ardour questions regardintpe watemuality and performase watermain such as

poor chlorine residual of the pipe, water quality comptaiand pipesio longer accordintp the
current standard (Question 16).

4.3.2.2.1Target Variable Values for Pressure L6g$ )

Since pressure loss is a scientific calculationgi@arnoullis equationas it is explained

in Chapter2, there is no pressure loss question in the suiVagiable values are set on a scale of
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0-15 based on the importance of a uniform scEéble4-8 summarized water pipgressire-loss
bins andtheir assignedvariablevalues.The target variable values are the same as an engineer
assigned variable values that are explained in Chater 2.

Table4-8 VariableValues for Pressuréoss (r|J) Bins

Pipe Diameter Categories
HL for Small (0 i 600 HL for Larg T
mm) Bins i (PressurelLoss) mm) Bins i (PressurelLoss)
>5.0 >2.5 15
2.071 5.0 1.571 2.5 5
02.0 015 0

4.3.2.2.2TargetVariable Values for Water Qualitfr. |)

The tree criteria considered for water quality variakdee (1) Water qualityrelated
complaint,(2) Poor chlorine residual te¢8) Unlined CI (lead joint WM only). Questions asked
expers regarding these criteria (Question 1&able4-9 shows all expert's answers, calculations,
or the arithmetic mean value for each bin used as target valueSince this variable ikinary,
only one valuas usedas a target valu@herefore, the median ofdkethreeArithmetic meas is
calculated fothreecriteria considered for this variabl€hus water pipes that do not meet water
quality criteriaandare in thesehreecategoriesare assigned the viable valuewy = 10.7 for

Water Quality.

Table4-9 Expert Assigne&ariableValue Distribution for Water QualitiRelated Issues

(e 1)

Rank the following Watermain quality scenarios with respect to Waiaroapital works

(replacement or rehabilitation) decision makiige €ore of 1 to 5 ("1" is not important, while "5" i
extremely important).

Survey Survey Response Arithmetic

. : Total
Question | w Parameters Mean

1 2 3 4 5 Responses
(0-15)

16(a), Watermain with
16(b) and poor chlorine 0 4 7 7 7 25 11
16(c) residual tests
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Watermain with
water quality 0 3 10 5 7 25 10.9
related complaints
Unlined Cl| o| 5| 8| 8| 4 25 10.3
Watermain

@ Total Mean Value Used as Targeanable Value 10.7

4.3223argetVariable Values for Conforming Latest Standgfel 4

One question regarding this variable askgersto assign theivariablevalue to pipes that
do not confornto thelatest standard (Question 1&able4-10showed all experts assigned values
and the arithmetic mean valaalculated based on the expert's assigned variable Taleefore
valuew =9.5is assigned as the pipe's target variablea/éthatdoes not conforno the latest

standard.

Table4-10 TargetValue Distribution for Conformance of Latest Standafd ()

Rank the following Watermain quality scenarios with respect to Watermain capited (replacement or
rehabilitation) decision makinghe ore of 1 to 5 ("1" is not important while "5" is extremely importan
Survey Survey Response Total Arithmetic
Question | » Criteria Response] Mean
112|345 (0-15)

16(d) Watermain that was not installed

according to current standards (for

® example, safe drinking water, 37 | 3|75 25 9.5
engineering and constructiolesign
standard)

Variables chosen for performance may vary for each municipatitg ®ach municipality
hasaunique water system and requirem@iite model's parametesise head loss that depends on
the pipe material, pipe diameter and pipe length, water quality and comgliandstandard
conformance. Water quality and standard presssrevery important to keep the servideupz et
al. 2016).Some municipalities keep records of residgecmplaints in different databaseand
hard to access or cressference the data tive ArcGIS water network based dhe limited

provided infornation.

Also, standard change over time based on experiémcmstanceled water services are

not in standard due to toxic materiat some pipe diameter like less than 150mm diametest
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in standard based on reducing pressure. These standards gaoh city and most oftenthese
pipes arehe priority and flagged for replacement and upsieerefore, water pipes that do not
mesd the latest standard aresaged the variable valus  =9.5for not conformingo the latest

standard.
4.3.2.3Target Criticality Score ({|:a,)

As it is also explained i€hapter 2three variablesaredefined tomeasurehe criticality
for water pipa: (1) Variable Pipe Diameteb ; (2) Variable Pipe Locatiod and;(3) Variable

Pipe Accessibilityw

The Target Criticality ScoréY is equal tathe sum oftarget variablevalues assigned to

theabovementioned variablessing Equatior-3.
Y 0 0 W 4-3

This part includeswo questions (17 and 18) that inclualew sections covering criticality
considered variable®ff water pipes. In these questipagperts are asked rank the importance
of pipe basedon the consequence of failure in different water pipe scenarios such as pipes
diameters, crossings highways, creeks, and environmentally sensitiseraiteay orhydro and
gas crossings. I also asked if experts belieaay other critical scenaribey would like to add

in this part.
4.3.2.3.1Target Variable Value for Pipe Diametgf- )

To assign targetalues for the pipe diameter variablehe question isasked experts to
assign a value to several pipe diameters (Question 17). All distribution histogramagpendix
A2. Experts believed small pipes are important butasamportant as large diameter pipes based
on survey resudt It means experts assignemhked lowervalues to smaller pipe diameter and
highervalues to larger diameter pipdable4-11shows all distributionsral calculated arithmetic
mean values for all expertginiors. The number of bins for pipe diametsreducedand a few

pipe diameterare combinednto one categoryFor examplewater pipes<300 mm diameteare
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considered locaccording tadhelateststandardTherefore, all <300 mm diameter pipe fitted
in one bin.Table4-11 shows all expertgssigned values for each pipe diameter and the calculated

arithmetic mean value used as the target value foreskassigned values.

Table4-11 TargetVariableValues for Pipe Diametersy(.)

Rank the importance of the following pipe sizes with respect to Watermain capital work
(replacement or rehabilitation) decision makifge £ore of 1 to 5 ("1" is not important while
"5" is extremely important)

Survgy Bin Survey Responsel  Total Arithmetic
Question _ (o, | Thresholds | 12| 3| 4| 5 | Response Mean (015)
17 _Pipe >900 2|0 488 22 11.7

D'?r?rﬁ)ers 750- 900 2/0[ 5510 22 11.8

Wo, | Total Mean Value Used as Target Variable 11.8
Value for >750 mm '

dgo< 600- 750 2101 4|14\ 2 22 10.9

400- 600 21014116 0 22 10.6

200- 400 2141141 2| 0 22 8.1

(o, | Total Mean Value Used as Target Variable 98
Value for 300 mm 600 mm '

200- 400 214114 2| 0 22 8.1

150 4171111 0| 0 22 6.9

<150 94|70 2 22 6.3

Wo, | Total Mean Value Used as Target Variable 71
Value for <300 mm '

4.3.2.3.2Target Variable Value for Pipe Locatidf)g )
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This parameteis considered fom locationthatincludesan Environmentally Signiftant
Policy Area (ESPA). These variables are introduced and marked as a binary variable for water
pipe Criticality Scor€Y . Experts are askew rank the importance of these variables on water
pipes capital activities (Question 1®arts a, b, cd, and & Therest of the previous expert's
assigned values represethte importance of different pipe locations on Watermampital

activities. As it clearlys shown inTable4-12, all expersrecognized themportance othe ESPA.

Table4-12 Expert Assigned/ariable Valuefor Pipe Crossinghe ESPA Location{q.)

Rank the importance of the following pipe locations for Watermain capital works (replacement or
rehabilitation) prioritizationThe <ore of 1 to 5 ("1" is not important while "5" is extremely important)
Survey Survey Response Total Arithmetic
Question oy Bin Thresholds Mean
Q 1/2| 3| 4| 5 | Responss (0-15)
18(a), Watermeqn crossing watercourses such as olol al12] a 20 12
(b), (c), creeks, rivers, and ponds
(d), and Watermain servicing hospitals, airports, ang ol2l218ls 20 123
(e) long termcare centres
Watermain crossing power line corridors an olal11] 9| o 22 99
high voltage poles
Watermain crossing gas and oil pipelines |02 | 11| 6 | 2 21 10.1
Watermain crossing major intersections, ololalsls 20 117
highway crossings, and railway csirsgs
ay, | Total Mean Value Used for ESPA Target Variable Value 11.2

4.3.2.3.3TargetVariable Value for Accessibilit{y— )

Similar to water pipe location, accessibility becomes an issue for Watercagital
activities. Areaswhere accessibility to infrastructure may hamper corrective measgiade:
(1) Pipes with Narrow or Né&ccess Easement&) Extra deep water infrastructun@) Pipes
Located in Impassable Access by Vehicles. Questions are asked from experts twagsgn

based on the importance of accessibility asurvey (Question 1farts f, g and h Table4-13
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shows experts assigned values for water pipes with accessibility issdedbeamean value

calculated and usddr water pipe accessibility in binary format

Table4-13 Expert Assigned Values for NOT Accessible Water Piges)

Rank the importance of the following pipe locations\éatermain capital wdis (replacement or
rehabilitation) prioritizationThe <ore of 1 to 5 ("1" is not important while "5" is extremely importar
survey Arithmetic
Questi | gy &) Bin Thresholds Survey Response| Total Mean
on Response (0-15)
112 3 4 |5
18(f), Watermam_ installed along narrow olel 7 6 |0 19 79
(9), roads or with no easements
and (h) Watermain installed extra deep (for
example: deeper than 5m) below 04 4 | 12 |0 20 10.2
ground surface
Watermain installed in areas without ol2l 101 6 |0 20 9
vehicle access
o & Total Mean Value Used as the Target value for NOT Accessible Watt 9
Pipe

4.3.3Survey Part Il - Mitigation Model Target Classes

The final mitigation technology is assigned based on the highest number of assigned
mitigation methodologies for elacscenario. For example, 80 percent of experts agreed to be
assigned the rehabilitate and renovate a pipe with many breaks located in an environmentally
sensitive area. Another example, 89 percent agreed on open cut replacement of the pipe within bad
condtion but the low performance and criticality classes. The calculation target of variable values

using the survey result is explained in the next section.
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Table 4-14 summarizes all scenarios and links them to fiv6edint conditions,
performance and criticality classes concerning survey questions. Using these results from an
expert's judgement for different water pipe scenatios NBC supervised learninglgorithm
predict a mitigating classifier similato classiiers assigned by experts ¥ater pipe scenarios

presented in the survey questioner.

Table4-14 Engineering Judgment Mitigating different pipe scenarios

For Pipe Group a) and b), selecie of the followingoptions: 1) do nothing, 2) renovate using
trenchless technologies, 3)open @utd replaceavith the same pipe size, or 4) open cut and
replace with largest pipe size:

Survey Class Combinations Survey Response Total £

Question 1 5 3 2 Responses
Pipe condition ire N pltio

5(2) Eg))((g)) Pipe performance in N plt 42 | 11| 11| O 63 1

: Pipe criticality ine N pltfoftv

Pipe condition ire N ¢lofthv

21 (a),(b) | Pipe performancein N pitloft 2 |2 7] 0 31 2
Pipe criticality ine N plgfoft

Pipe condition ire N olthy
Pipe performance in N

plt ot v

Pipe criticality ine N pftfoft

22 (a),(b)

23 (a), (b), | Pipeconditionine ~ th
(c), (d), (e),| Pipe performancein N ofth 0 0 | 27 | 84 111 4
), (@), (h) | Pipe criticality ine N oftv

This modelproposed the ability to repeat teagineering judgements on mitigating the
condition, performance arwliticality of every pipe througlthe entire MWN usinga supervised
learning algorithminputs for this model are alaviables used in prioritization models, and outputs
are classified into four categorie®o Nothing, Rehab and Renovate using Trenchless
Technologies, Bplace, and Upsize. The same classes are ugbd Naive Bayes algorithm to
keep classes and categories independent. Bastt aurvey questioner's captured engineering

judgment dataa similar mitigation plans assigned for each pipe throutjie entire water system
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using an expert's assigned classes by learning algorithm. The experts assigned values captured in
the survey questioner are translated into a set of capital denisikimg rdes. Figure 4-3
visualizes the capturezhpital decision rules from survey results, as iteminddible4-14.

Figure4-3 shows the twdevel model; level 1 (left part of the figure) shows prioritization
model classifies for Condition, Performance and Criticality. Level 2 (right part of the figure)
summarizes the rules that are translated from the survey result. The translated rules from the survey
are colourcoded, showing in this figure. The final Mitigation classgiare listed in colour and
linked to prioritization classifiers according to survey results. Each colour represents a mitigation

classifier rule.
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Eevcl_l — Expert Assi‘gn.cfl .ClaSSiﬁch Level 2 — Expert Assigned Mitigation Classifiers Cp,y
Ce,;> Cp, and Cey, (Prioritizing Model) (Mitigation Model)
> I
|| #| DONOTHING (4
"’ Cpan,
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> .
SEEEESSNSN——|
1
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Figure4-3 Experts Capital work Decisions

For example the blue directional lines emanating from the condition, performance,
criticality classifiers in the Level One model towards the Level Tmadel result in aiDo
Not h i niggationnclassification. The blue lines contadondition classifiere N phio ,

performance classifier N plt , and criticality classifiee N plghoftfv ) in level 1 model and
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|l eads to ADo Not hieng o p.niigidtige aummarynof tleelowceorses ffrome r
guestios 20 parts (a) andb), 22 parts (c) andd) in the surveyThese rules are applied to similar

pipe scenarios, and the classifiers are used as target mitigation classes. All classes are populated
in ArcGIS attribute data for each pigéghe NBCsupervised learning algorithm is capabi¢aking

all input variables and replicates the engineering judgement with relatively high accuracy. The
learning algorithntan replicate engineering juahgnt for all pipes through the water system in a

very short time period.

The mitigation model's @al is to automate theapital decisionmaking process based on
experts' standard and engineering judgements. The ecqgatal decisions observed from the
survey translated to a set of decision rules to assign a mitigation technology to all pipetheithin

training database as Target Mitigation Class

4.4 Conclusiors

Based on this research, the following conclusions can be didwsiresearch is the first
of its kind trying to standardize engineering decisions about water infrastructure. At present,
however, there is no standard, defersibhgineering decisiemaking technique for water
infrastructure. The survey results confirm the chosen parameters are affecting factors water pipes
condition, criticality and performanc®sing this methodologyall pipes within the water system
are rankd for their condition, performance and criticality. The proposed models are capable of
replicating target scores, and maintenance activities are assigned from the survey's result capturing
expert opinion and engineering judgement. The final model outpuittifigs the most criticgipes
to be replaced, rehabilimand upsize based on expert opinibinis model would possibly provide
bases for making more considtezfficient, and reliable maintenance decisions.

This chapterfocuses on gathering enginiegy judgement to rankdividual pipe sectios
within water transmission and distribution linasd replicating the expert opinion using the
supervised learning algorithm model's target variable valles, capturing expert opinion for
capital activitiedor every pipe within the water system depends on its condition, performance and

criticality. Survey results are set as target values for the supervised learning algorithms in the Naive
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Bayesmodelcapable of replicating the entire watermain system'sheegng decision relative to

several parameters within a medtiteria database.

This chapteris part of an attempt to develop a novel appraachutomate engineering
judgement and expert opinion regarding the condition, performance, and criticaitypipies in
MWN and mitigatethe capitaldecision. To automate and replicate the expert opitihane is a
need to capturé¢ he e x p e rin & systematic methmthgy. The survey questionnaire
apprehended engineering judgements and exXginiors to build target values to parameterize
the Naive Bayes Classifier model's target valiiéerefore, the model would be trained based on

expert opinion andanreplicate the engineering judgement.

The survey questioner is designed based on bins andhaldssset for PAN that are
explained in detail in Chapter 2. The sensitivity analysis based on thresholds and survey results
may be needed, but it is considered out of scope for this research. Also, a few expert's assigned
variable values are consideredhagh for example, experts assigned value 5.4 to pipes that never

experienced any breakage. This value is assumed 0 on Engineer assumed variable value.

These models are built on a very large database from a southern Ontario municipality and
validated on aother municipality database. The nekaptemwill explain the model results and
show all the results in a case study. All resalisexplained in the nexthapter.The method
developed a valuableapital activitymeasurement tool to evaluate the currgatermain system
that is disaggregated from a certain type of pipe material, location, and any other limltaigon.
study's resultsnay provide a baseline that could potentially be used to benchmark the watermain
performance measurement at differenelewof municipal organizations. A scientific prioritization
model that is based on expert opinion is proposed. This research attempts to develop a novel
approach that would be a valuable link between strategic, tactical, and operational levels to

evaluatehe watermain system.

Chapter 5
Model Application: Case

Abstract
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The proposed muHievel NBC with a supervised learning algorithm can replicate
engineering judgement. This model is applied to the prepared comprehensive database from
London Ontario. Thischapterpresents a descriptive analysis of the water network pipes for their
condition, performance and criticaljtgndcapital activitiesdecisions regarding all pipavithin
the London database. Different maintenance and capital work scenarios areepresent
compared with the actual 2016 and 2017 replacement programs from the City of London to

validate the accuracy of the proposed model.

This methodology willadd consstency and defensibilitio capital programs. Using this
algorithm can help utility see money by automating industry best practeedoptimizing long

term decisions about the order in which pipes need to be staged into your capital works programs.

Keywords:model applicationcase study, municipal water network, prioritization model,
mitigation model, do nothing, replacement, rehabilitatiorssiapng, capital work activities,

validation, and ®rification

5.1 Introduction

Assigning capital work activity for a water pipe called mitigation decision in this research
requires information st as pipe condition, performance and criticality. Past studies have focused
on pipe condition and physical attributes as a primary deemadng factor for capital activities
There are several prioritizing methodologies in the water industry, butaoféyw models are
applied and tested on real water pipe data. Using complicated models on imperfect water pipe data

often shows ineffective results (Savic, 2009).
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The literature for models applied on real data for water pipe began to appear in the 1980s
(Rogers & Grigg, 2009)Several modelling methodologies are tried in different MWN databases
so far. (1)Economic models define the present worth of a pipe's operation and maintenance costs
based on its remaining service life and replacement costs, usfagedifstatistical models to
forecast the number of breakehis model isapplied toSt. Louis, MissourMWN databasdo
prioritize the water pipes as part of a replacement program (Grablutz & Hanneken, (2D00).
Mechanistic models are focused on pipetgl deterioratiorattributes such as; temperature,
pressure, frost stress, corrosion due to soil properties, pipe coatings, water quality parameters, and
installation depth (Agbenowosi, 2000). These models were used in Des Moines, lowa, to prioritize
watermainsfor different soil conditions by McMuller(1982) and Winnipeg, Manitoba, to
prioritize watermains by pipe diameter (Kettler & Goulter, 198%)Probability models attempt
to predict the probability of pipe failure in future time during the fifieecycle. Several versions
of this model are applieash theMWN of New Haven, Connecticuty Marks (1985andAndreou
(1986) This model is also applied to MWN data in Paris, France, by Brénit@@7) A
probability model called KANEWcreatedby Debet al. (1998)is applied toDenver, Colorado
MWN data AWWA funded a study in 2001 to forecast future pipe replacement for 20 different
municipalities throughout the United States using the KANEW mddes model is currently
used in the City of Toronto tbenchmark the water capital activities. (@@terioration Point
Assignment methods define a set of failure contributor factors such as pipe age, pipe material,
location, soil type, and break historfhis method uses thaifferent categories and assigned
weightsfor each factar A total score is calculated for each pipe. If the total score exceeds the
threshold value, then the pipe is a candidate for renewal (Logaratalgr2002). This model was
used to evaluate Louisville Wat Kentucky.

Table5-1 summarizesll past models applied to the MWN database. It demonstates
comprehensive method thatioritizes capital work technologies such as rehabilitation and
replacement of water infrastructure while measuring conditiorformeance, and criticality
attributes of each pipe based on expert opinion have been applied or valisiaiggdh MWN
datdase Also, machine learning methodologies have not losed in water pipe capitalctivities

to prioritize pipe segments for mitigati technologies. Thus far, no comprehensive model
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available to consideall pipe factors measuring conditioperformance, and criticality and

proposes a capital works mitigation technology for each pipe through the water system.

Table5-1 Water Pipe Modeling Criteria
Ranking Criteria

S
S 5 =z S
Real Data ModelingLiterature 5 £ 3 IS
5 £ = =
(@) & (@) >
Economic models or CosBenefit Models
Grablutz & Hanneken, 2000 V U U U

Mechanistic models
McMullen, 1982 V U U U

Kettler & Goulter, 1985 Vv u

Agbenowosi, 2000 \% U U
Regression and Failure Probability Methods

Marks, 1985 \% U U U

Andreou, 1986 Vv U U U

Brémond, 1997 Vv U U U

Debet al, 1998 Vv U U U
Deterioration Point Assignment (DPA) Methods or Scoring System method

Loganatharet al, 2002 \% Vv U U

This chapter aims to collect and organize observations and measurements relating to the
City of London's watermain network into attributes pertaining to ¢mmgi performance, and
criticality scores. Tereatfter, this information issed to construct MlWN database connected to
the machindearning model. The model is used to rank every watermain segment within the
network for condition, performanceriticality, and suggested mitigation technologies. Model
verification is assessed by replicatirtige prioritization of pipe segments and mitigation
technologies chosen by City of London municipal engineers as part of their 2016 and 2017

watermain capital works progms.
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In this chapter, the PANIassificatione using municipal engineassigned variable
valuesand the calculation of all initial municipal engineesigned classifiess , e ande
are compared with the exps assigned classifies ,E ,E ande . All symbols are

explained inTable3-3 in Chapter 3.

All variables and engineassigned variable values are organizedcaicomprehensive

shapefile explained in section two. The sum of the engiassigned variable valued is

Condition ScoreY, Performance Scoré’ and Criticality ScoresY . The engineeassigned
classifiers are categorizingl ascores into five uniform classes between the minimum and
maximum calculated scores. The engirgssigned PAN is the sum of all scores multiple by an
engineerassigned corresponding weight, @ andw . Engineerassigned mitigation césifier

E Is also assigned based on the minimum and maximum PAN.

All expert's assigned variable values or target variable values calculated using the

arithmetic mean captured from the survey. All target variable values gaeined in a MWN
database GIS attribute table. The sum of expert's assigmitle values are exp@ariassigned

scores™Y, "Y and Y . The expets assigned prioritization classifiess , E ande  are

categorizing into five uniform classes between the minimum and maximum calculated Eleeres.

expert's assigned mitigation classifiers are assigned based on different scenarios from the

survey questioner.

It is explained in chaptahree that the NBC model determines the prior distributions with

engineerassigned classifierg , E , E , E and posterior distributions with expert's
assigned classifiess ,E ,E ande . The NBC generates the likelihood distributions to
replicate the expert's assigned classifiers by assigning weighfer variablesw . The learning
algorithm adjusts the assigned weights as many timesetbcprclassifiere ,E ,E and

E that are close to the expert's assigned classifiers.

In this chapter, the results of the NBC with supervised learning algorithm applied on the

City of London MWN databse are presented in this chapter. All enghassrgnec ,E
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E ande , expert's assigned ,E ,E ande and model results in classifieges

E ,E ande are presented, compared and analyzed.

The proposed methodology is a capital actimitgasurement tool to evaluate the current
watermain system that is disaggregated from a certain type of pipe mateatdripand any other
limitation. This study's resultiay provide a baseline that could potentially be used to benchmark
the watermain performance measurement at different levels of municipal organizations. A
automatedscientific prioritization modebasd on a professional judgment that can replicate
professional capital activity decisions for pipes within MWN is proposkd next step would be

having more data from another municipality to further model validation.
5.2 The Municipal Watermain Network Database

Ontario best practice (2005) recommended that water utilities keep all of their pipe
condition, performance, and criticality information ArcGIS format with their exact GPS
coordination location and all its characteristics such as age, rehabilitateak data, crossings,
easement, accessibility and much ot hegone nf orm
of few municipalities that organized their water pipe information in ArcGIS shapefile format. Two
ArcGIS shapefilesverereceived from thaVater Department at the City of London. One file
contained data from MWN pipe information constructed fi®®0 to date (24082 pipas)shown
in Figure B21 in Appendix B. The second file contained break information that included water
pipe break causéime, type and result from 1960 to date (7341 data poistshown in Figure
B2-2in Appendix B. The shapefiles have spatial coordinates; therefore, these two shapefiles can
be spatially matched into one shapefile with all pipe network data that iddluelereak data. The
exported shapefils used as baseline data to build a comprehensive database consisting of all pipe
information and breaks data. All additional information is added into this file according to exact

spatial coordination and mappedArcGIS.

Using all Ar@GIS base maps includes streets, watercourses, critical services locations such
as hospital and fire stations, wetlands, landfills, bridges, and environmentally sensitive areas. The

base maps are available for free by Esri in shap#diimat. The base maps do not include water
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infrastructure information such as pipes location and pipe diameter. Using the base map shapefile
crossreferenced with the City of London Pipe location shapepipelines that are ndocated

within the rightof way and required easemeate identified Crossreference these files and
information from the City of London legal department, pipe with no easement and hard to access
areas are identified in the shapefile. Binary vahresdentified for all crossigs and locations for

the criticality model. The sample binary attribute table is shown in BB@iBeandFigure B26 in
Appendix B.

The staff at the City of London providedshapefile for critical service locations that
included all critical water seise locationssuch as hospitals, airports, schools, fire departments,
etc. The critical location shapefile is shown in Figl2-4 in Appendix B. Spatial cross
referencing these locations with a pipe datab&@kecrucial service locationare identifiedand

markedin binary values in separate columns.

Watermain replacement and rehabilitation plans for capital work programs that contain
total length, material, service locations and construction method for 2017 are received in excel
format. This datas used to evaluate the model outpurtdecheck the pipes thatre chosen for
replacement by the City of London expeRsr water fpes that are not located within the right of
way, access road informatias evaluated fromArcGIS base maps. All pipes with ass@ility
issues are identified. Although the proposed model can take information from other software
compatible with ArcGIS, the City of London did not have water pressure database information
available. Instead, City of London engineers shared informategarding locations that
experienced pressure loss and water pressure complaints. Based on fire department requirements,
the City of London engineers also shared locations with low water pressure issues. These water
pipesaremarked for pressure loss igs as part of the performance modeble5-2 summarizes
all received data from the City of London and their allocation to one of the conditions,

performance, or criticality classifiers contributing to the prioritization model.

Table5-2 Database List

Database Type Information Classifier
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Pipe Location, Pipe

Condition,

Water Main GIS Shapefile of the water . )
System infrastructure Length, _Plpe Diameter, Perforr_n_ange
Installation Date and Criticality
Water Main L . . Break Date, Break .
Breaks History| GIS point file of all break information Cause, Break Location Condition
Critical GIS Point file of all critical locations s .
: . : Critical Service P
Service such as Hospitals, Fire Departments : Criticality
X . Location
Location School s, é
GIS Shapefile of City including
Base Maps railways, creeks and all Crossing Location Criticality
environmentally sensitive areas
L o Crossing Location
GIS Shapefile with all public right of S o
Street Map way information Easemeh_avallablllty Criticality
and requirements
Utility GIS shapefile of all utilities (sewer, | Other Pipe Crossing e
. : Criticality
location gas, hydro,..) Location
Soil Data ?ISES?:\%ZI; l? : &?,;Ii;i/rpe and rock Soil Type,Corrosive Condition and
ype p y y and norCorrosive Soil | Criticality
Environment
. . Pipe Performance and
Pressurg Zone GIS shapefile for all different pressur water Pressure Performance
information zones .
Complains
New GIS shapefile for all new
Development . .| Pressure Issues Performance
) developnents single house or semi
Information
Assessed GIS shapefile for condo activities tha
Condo arealready assessed but not approve Pressure Issues Performance
Development y P
Draft Condo .
GIS shapefile for draft condo propos{ Pressure Issues Performance
Development
Registered GIS shapefile for registered Pressure Issues Performance
Development | developments that there is no propos
GIS shapefile that shows all propose
Proposed .
structure such as street furniture bus Pressure Issues Performance
Structure ;
terminal or ag other structure
Moratorium GIS shapefile included information | Road Restriction L
and Road . ; Criticality
Work regarding newly paved road Information
excel sheet that has information Water Cap acity and
Water ! . . standard information
. regarding pressure issue arga with Performance
Complains Head Loss and pressur

a water pressure problem

Loss

Water Capital
work
information

Excel sheets that include data about
2016 and 2017 replacement projects

new Pipe info, Pipe
Diameter- Pipe Length
and new Installation
Date

Condition and
model
validation
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location of other
projects or limitation for| Criticality
water pipe project

Excel sheets that include information

Other Projects about all other projects

Pubic

Properties and| Information regarding the access rog assess ability e
.. . . Criticality

Easement and access availability information

information

One of the modelling complexity of the water system is that the database is not complete.
They all have lots of missing information; forample, construction dates were missing for 863
pipes in the City of London database. A data quality control dsetdne throughout the prepared
database to fill in missing data. For instance, for missing construction dates, all inforimation
checked forany other available date from other sources, such as the water break database
construction date. For 582 records construction dafeund in the rehab work column and
comment column. Some assumptions have been made to fill the data gaps; for exanypk, th

1900is assumed for the pip@&gath no construction year information.

Several watermains breaks are caused by temperature or winter weather and fixed by the
operation and maintenance department on an emergency basis. Records for emergency workers
are not available or accessible in many municipalities. Missing information would result in

maintenance work, or capital activity may be planned for a pipe that is already fixed or replaced.

Water pipe flow information and pressure informatame not avalable by the City of
London. Therefore, heddss and presswlessarenot calculated due to a lack of information.
City engineers provided some locations with water presssues due to population and service
increases for new developments. Thesetitied pipesareconsidered for maximum presstioss
and placed in the highest presslogs bins coesponding to the pipe diametexplained in
Chapter 2section2.2.2.1.

Water complaints and water quality informatismot available from the City dfondon.
Therefore, the Water Quality colunmconsidered as alleroas a binary value. Typically, soill
toxicity, soil composition, construction, and some servicaawation on old serviceare not
available from municipalities; this the same from andon's City. All available data combined
into a comprehensive database included all information about alt pipes in the City of London
water network database r ecomn®0bdEnd findd gomdetest pr

102



attribute table columns drtheir informationare presentenh detail in Appendix B. The City of

Londonwater retwork data and pipes attribute histograars shownn Appendix B3

For the purpose of NBC with a supervised learning algorithm, it was assumed all variables
are indepedent and do not correlate with each other. The NBC is mainly used felifeeal
problems, and most variables in it examples are not 100% independent. To check the
correlations of the variable¥able5-3 is prepared tshowthe correlations among the variable
values for the City of London data.

Table5-3 All Variables Correlation Matrix

RSL Mmi B TBS5Yrs CLS PL we D L AC
RSL 1
MI 0.689024 1
TB 0.199216| 0.220238 1
TBSYrs 0.097649| 0.109966| 0.552198 1
CLS 0.484964| 0.303408| 0.094694| 0.042273 1
PL 0.004468| 0.026339| 0.045178| 0.031292| 0.129934 1
wQ NA NA NA NA NA NA 1
D -0.01783| -0.0972| -0.05777| -0.03094| -0.19638| -0.12138|NA 1
L -0.00398| 0.038458| -0.01984| 0.010218| -0.01315] -0.00243|NA 0.066466 1
AC 0.064415| 0.021964| 0.030099| 0.027678| 0.04345| 0.025346|NA 0.008942| 0.021384 1

5.3 Model Application

This section explains the classification mod@lseyused the prior disbutions from the
municipal engineeassigned variable values and posterior distributions from the expert's assigned
variable values to adjust the likelihood distributions with generating weights for all variables and

replicate the expert's assigned diifess.

This section explains the talevel classification models. The first leval prioritization

model classifes all pipes for conditios , performance , and criticalitye ,. The second
level d mitigation classifier wuld use all engineassigned variable valuas to predict

mitigation classifiere as close as possible to expert assigned mitigation classes
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5.3.1The Prioritization Model

The prioritization model uses enginegesigned classifiere ,E ande to generate
prior distributions. The prioritization model uses target classiierse ande to generate
posterior distributions. The prioritization modeljast model assigned weighds to predict the

classifierse ,E ande with high accuracy comparing with target classifiers.

The NBC model classifies every pipe within the MWN according to its condition and

performance to five uniform classes , e (1-VERY GOOD, 2-GOOD, 3-MODERATE, 4-

POOR, and5-VERY POOR and criticality to five classes (1-VERY LOW, 2-
MODERATELY LOW, 3 MEDIUM, 4- MODERATELY HIGH and 57 VERY HIGH).

Therefore, each pipe segment is assigned a classifier consisting of a "descriptor" and an

"enumerated value" in the interval of one to five.
5.3.1.1Condition

There are four attributes considered in the condition madel, ® , ® , andw
each attribute has two sets of variable values. The municipal engssgns the first set as the
initial variable valuen , and the second set is assigned by the expettiat is captured from the

survey questioner. All values are presentedTleble 5-4. All variable values and scores in the
ArcGIS attribute table are shownkigure B2-9 in Appendix .

The NBC links all variable bins tiarget classes assigned by experts as part of the survey
by calculating each variable's probability of appearance value in everyritase.5-1 shows the
condition variables histograms. The supervised macheraifeg will repeat this step until the
model can predict a class as close as possible. The condition model is capable of replicating target
classes with up to 78 percent accurBigure B210 in Appendix B2It means the condition model
is able to predicprofessional opinion correctly, 78 percent of tinee. All classes are populated
in a separate column in the ArcGIS attribute table. Aile&IS attribute tables are shown Fgure
B2-8 andFigure B29 in Appendix B.
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Table5-4 Variable Values for Condition Model

Remaining Service

RSL < 15 years

15 < RSL < 30 years

30 < RSL < 50 years

RSL > 50 years

Life (Year)
Municipal Vasy, = 15 Visz, = 10 Vrsy, =5 Ves, =0
Engineer Assigned
Expert Assigned Vest, = 105 Vrsy, = 6.7 Vast, = 5.1 Vgsy =0
(Target) '
Total Number of TB =9 8>TB>5 4>TB>1 TB=0
Breaks
Municipal =
Vo, = 15 Vg, = 10 Vrg, =35 Vrg, =0
Engineer Assigned | ' " e o i
Expert Assigned vTBl — 134 VTBZ =11.2 VTBQ =72 VTB‘} =54
(Target)
Breaks in last 5
TSI 1By, 2 5 4= TBsy,s 2 3 22TBsys 21 TBsyrs = 0
years
Municipal |y, . =15 Varrvy, = 10 Verryy, = 5 Varryy, = 0
Engineer Assigned ’
Expert Assigned Vorrvy, = 134 | Vappyy, = 11.2 Varrvy, = 7.2 Varrvy, = 5.4
(Target) :
Total Number of
S MI<0.01 1< MI <005 MI>0.05
Municipal _ Vo =10 V.. =15
Engineer Assigned | Vmr, =5 Ml — Mk
Expert Assigned | - _ 7
(Target) Vur, =5 Vi, = 10 Viar, = 15

The condition mdel levels are classified into fivmategories, as shown Trable5-5. For

VERY GOOD ande

= GOOD condition classes making maintenance decisions or prioritizing

criticality measurements.

of London pipes are in relatively good condition in clagses 1 ande

Table5-5 Condition Classes

example, most pipes with low condition scof&sand “Y are in relatively good condition.

According to survey results, experts believed that based on the number of breaks and age, the City

= 2. This is professional
judgemen, and it varies by different engineers and different municipalities. The expert agreed that

only very few pipes are in = VERY POORcondition class fiveThese results are clearly shown

in condition histogranfrigure5-2. Thus, most pipes in City of London MWN are generally ir-

maintenance decisions require further information about these pipes, such as perfamiance

Condition Categories
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Y ¥ Classifiersse ,E ande Relative Prioritization Order

A pipe is in VERY GOOD
0-10 07 17.9 VERY GOOD 1 condition. No mitigation is
required.

A pipe is in GOOD condition.
No mitigation is required.

A pipe is in MODERATE
2071 30 24.9 32 MODERATE 3 condition and should be
prioritized for mtigation.

A pipe is in POOR condition

10- 20 17.91 24.9 GOOD 2

307 40 3271 39 POOR 4 and should be prioritized for
mitigation.
A pipe is in VERY POOR
407 50 397 46.1 VERY POOR 5 condition and requires

immediate mitigation.

The condition model's result on the ArcGIS integfeeshown iFigureB2-14 in Appendix
B2. Thesecolourcoded results highlight all pipes according to their physical condition. This

model identifies pipes that require more attention within the entire system.
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100%

80%

Remaining Service Life vs
Condition Classes

100%

V(RSL1), (Less 80%

Number of Breaks vs
Condition classes

V(TB4), (more

BS_ than 15 years) Bi than 9 Breaks)
T 60% B 60%
S = V(RSL2), (between S = V(TB3), (5-9
% 40% 15 to 30 years) 2 40% Breaks)
i = V(RSL3), (between £ = V(TB2), (1-4
20% 30-50 years) 20% Breaks)
0% | | = V(RSL4), (more 0% = V(TB1), (0 Break)
1 > 3 a 5 than 50 years) 1 2 3 4 5
Condition Class Condition Class
Maintenance Index vs Condition Number of Breaks in Receny 5
Classes Years vs Condition Classes
100% 100%
920% 20% = V(TB5Yrs 4),
80% 80% (more than 9
e 70% = 70% Breaks)
> 60% V(MI 3), (Less than > 60% V(TBSYrs 3), (5-9
T 50% 0.01) g 50% Breaks)
g 40% mV(MI 2), (Between g a0%
= 30% 0.01-0.05) T 309 = V/(TBSYrs 2), (1-4
20% = V(MI 1), (More 20% Breaks)
10% than 0.05) 10%
0% 0% = V(TB5Yrs 1), (O
1 2 3 4 5 1 2 3 4 5 Break)
Condition Class Condition Class
Figure5-1 Condition Variables PDFs
16178 Condition
17000 15536 15972
15000
13000
11000
9000 5204
7000
<000 2169 4700 5200
2274
2000 2698 441
I i so9 1% 64 99 136
1000 — —
-1000 1 2 3 4 5

Condition Engineer Assigned M Target Condition

M Condition Model Prediction

Figure5-2 Condition Result Histogram
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5.3.1.2Performance

The City of London has very limited pipe performance information. Tmdy identified
a few areas with pressurelated issues, including all new and proposed development plan areas.
These areas are identified by spatially cnegerencing new developments shapefile and the
pressure issue file. Variables chosen for perfoiceacan be different at each municipality based

on their needs. There are three attributes considered in the performanceumaqdel

W

assigns the first set as the initial variable value and the second thett is capturedrom the

survey questioner. All values are presentetiahle5-6.

each attribute has two sets of variable values. The municipal engssgnsy the expert

Table5-6 Variable Values for Performance Model

0'6;)_0m PIPE 1 proso |20<Pi<so| pPL<20
Pressure lameter
Loss ipes larger than
Plpes Hare PL>25 |15<PL<25| PL<L5
600mm diameter
Municipal Engineer Assigned Vpp, =15| Vp, =5 Vpr, =0
Expert Assigned (Target) Vpr, =15| Vp,, =5 Vpy, =0
Water Quality Poor Water Good Water
: Quality Quality
Municipal Engineer Assigned | Vwo,= 15 Vg, =0
Expert Assigned (Target) [Viwg, = 10.7 Vivg, =0
] Not
Conforming C onfoi')min
Conformance with Latest with the o &
with the
Standard Latest latest
ates
Standard Standard
Municipal Engineer Assigned [ Vers, =0 | Vips, = 15
Expert Assigned (Target) Vers, =0 Vers, = 9.5
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Each municipality has a unique water system and requiremenéscdiomple, in the City of
London, pipes of any pipe smaller than 150mm diameter do not cotdarumrent standards and
must be changed. All variable values are populated in ArcGIS for this model, shbigara B2
13and Figure B214 in Appendix B.

A few variables have binary values in the prioritization model. The Naive Bayes classifier
with a supervised learning algorithm is wellited to utilize binary data. Even when the variable
value for any attribute is not available, the Naive Bayes classifir avsupervised learning

algorithm would be able to use other attributes and variable values to predict the classifrer

the City of London database, the performance model predicts a performanee cthss is very

close to the class that the expert may assign with very high (99%).

The performance nuel levels are classified into fiveategoriesas shown inrable 5-7
According to survey results, experts believed the City of London pipes perform well, attribute

them into classes =1 ande =2. Although the engineeassigned classifiers for the City of
Londonise =1ande =3. The engineers believed the City of London pipes mostly exhibit
MODERATE performance, whereas the experts believe the City of London pipes exhibits

GOOD performance. The reasfum this discrepancy is mostly the lack of data for this model.

Using this model, all problematic pipes can be identified and marked to be considered for
future investigation. Also, performance issues would help identify water pressure and capacity
issues important for the building permit department and develop any condo proposal-oiskigh
applications on top of the hydraulic modelling or any additional requirements. This additional

information would be very valuable information to plan and prioritegital activities.

Figure B215in Appendix B shows théArcGIS interfacehat categorizes all pipes in five
different classifiers with different colours. This model identifies pipes that are not performing well
in the entire water system. In addition ghysical pipe conditios a performance indicator is

crucial to prioritize linear infrastructu@pital activities
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Frequency %

Conformance to Latest
Standard vs Performance

100%
80%
60%
40%
20%

0%

Pressure Loss vs
Performance Score

100%
0,
B0% V(PL1), (PL >34
60% kpa)
40%
20%
mV(PL2), (PL
0%

between 15 and
1 2 3 4 5 35 Kpa)

Frequency %

Performance Classes

Pressure Loss vs Performance

Score
mV(CLS 1), Not
Conforming
Latest Standard
mV(CLS 2),
Conforming
Latest Standard
1 2 3 45
100%
X 80%
T oo
c 60%
Q
g. 40%
o 0,
L 20%
0%
1 2 3

Score

mV(WQ2), No
recorded
complain
regarding Water
4 5

Quality Standard

Performance Classes

Figure5-3 Performance Variables PDFs
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Table5-7 Performance Classes

Performance Categories

Y Y Classifierse , e and . -
c Relative Prioritization Order
Pipe exhibits a VERY GOOI
0-6 0-4.9 VERY GOOD 1| performance. No mitigation is requird
Pipe exhibits GOOD performance. N
6-12 4.99.8 GOOD 2 mitigation is required.
Pipe exhibits MODERATE
12-18 | 9.814.7 | MODERATE 3 | performance and should be prioritiz
for mitigation.
Pipe exhibits POOR performance 4
1824 |14.719.6 | POOR 4 shoul be prioritized for mitigation.
Pipe  exhibits = VERY  POOF
24-30 | 19.624.5 | VERY POOR 5 | performance and requires immedii
mitigation
Performance
16316 -| 16243 16240
16000
14000
12000
10000 5884
8000 5960 | 5955
6000
4000 503
5000 I ) 1389 1388 13333 , 503 S04
0 - I
1 2 3 4 5
Performance Levels
M Performance Engineer Assigned M Target Performance m Performance Model Prediction

Figure5-4 performance Result Histogram
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5.3.1.3Criticality

The criticality ofeach pipe is measured based on the consequence of failure. For example,
failure impacts for large diameter pipes are greater than for small diameter pipes. Failure for pipes
providing service to critical locations such as hospitals or airports is mcaldhan a small pipe
that provides service to few residential properties. Pipes passing or crossing environmentally
sensitive areas without an access road or easement have a very high failure impact relative to other
pipes. Therefore, these pipes areniified, and data are populated in the ArcGIS attribute table in
binary format, as showin Figure B216 and Figure BA7 Appendix B. Dueto each city's unique
geographic location, the list of criticality variables may differ between municipalitieth&Qity

of London, there are three attributes considered in the criticality ntoded, andw each

attribute has two sets of variable values. The municipal engass@ns the first set as the initial
variable valuey , and the second set is assigned by the expettiat is captureddm the survey

guestioner. All values are presented able5-8.

Table5-8 Variable Values for Criticality Model

P]pe Diameter D > 750 mm 600mm< D < 750mm| 300mm <D< 600mm D < 300mm
Municipal Engineer _ _ _
Assigned Vb, =15 Vo, =10 Vo, =5 Vo, =0
Expert Assigned _ _ = =
(Target) VD1.= 11.8 VDZ =109 VDE =9.8 VD‘} =78
. . Located within Located outside
Pipe Location ESPA ESPA
Municipal Engineer V. =15 v, =0
Assigned = 2
Expert Assigned = _
VvV, =112 =
(Target) = Vi, =0
Pipe Accessibility NOT Accessible Accessible
Municipal Engineer
. Vac, = 15 Vie, =0
Assigned A6 Az
Expert Assigned Voo =9 Ve =0
(Target) ACy AC,
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The NBCmodel identified critical pipes based on engineering judagrthatis captured
via survey for all pipes through the City of London water systeigure5-5 presents all criticality
attributes pdfs. The supervised learnahgorithm is able to learn professional opinion from target

criticality levels upe to 90 percent accurackigure B210 in Appendix B showsthe model

accuracy on the python interface in ArcGIS. This model, like the other sections, ca&egoez
criticality scores into fivelassifiers.

The criticality nodel levelse  are classified into fiveategories, as shown irable5-9

According to experts, a very small number of pipes in the City of London are considered
MODERATELY HIGH ande = VERY HIGH criticality class.Using this model, all critical

pipes are identified to be considered as higher prioritiesapital activitiesFigure B218 in

Appendix B shows City of London Water Siem criticality model results.

Pipe Diameter vs Criticality Score

100%

80% V(D4), (Pipe diameter is
smaller than 300mm
60% Diameter)
V(D3), (Pipe diameter is
o ,
a0% between 300mm and
20% 600mm Diameter)
W V(D2), (Pipe diameter is
0%
1 2 3 4 5

Frequency %

between 600mm and
750mm Diameter)

Criticality Classes

Pipe Location vs Criticality Score Pipe Accessibility vs Criticality
100% Score
= 80% 100%
g 60% mV(L1), (PIP_E_ § 80%
o Located wihin S 60w
2 40% ESPA) g B V(AC2), (Not
3] > 40% Accessible)
T 20% mV(L2), (Pipe © 0%
o Located outside - . mV(AC2),
0% ESPA) 0% (Accessible)
1 2 3 4 5 1 2 3 4 5
Criticality Classes Criticality Classes

Figure5-5 Criticality Variables PDFs
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Table5-9 Criticality Classes

Criticality Categories

v g Classifiere ., E  ande Relative Prioritization
Order
01121 A Pipe exhibits VERY
0-9 VERY LOW 1 LOW criticality.
12.17 17.1 A pipeisin
971 18 MODERATELY LOW 2 MODERATELY LOW
criticality.
187 27 17.1- 22 MEDIUM 3 A.I?lpe_ exhibits MEDIUM
criticality.
22-27 A Pipe exhibits
271 36 MODERATELY HIGH 4 MODERATELY HIGH
criticality.
27- 32 i
367 45 VERY HIGH 5 | Apipe has VERY HIGH
criticality.
17210 Criticality
16723 17452
18000
16000
14000
12000
10000
8000 5419 3552
6000 3762 2533
4000 1312490 127
2000 I 598 400 37 529427
0 - | [ |
1 2 3 4 5
Criticality Levels
W Criticality Engineer Assigned M Target Criticality Criticality Model Prediction

Figure5-6 Criticality Result Histogram
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5.3.2The Mitigation Model

The cond levemodel classifies all water pipes for mitigating the capital works activities.
The PAN is the sum of all engineassigned condition, performance, and criticaitgres’, Y
and"Y multiplied by their respective weighto , ® andw . PAN isused to rank pipes or
"prioritize" them for a selected mitigation activiy . The engineemssigned mitigation

classifierse is assigned uniformly based on the minimum and maximum PAN into four

categories which are called mitigation clas3esle5-10 shows PAN classifier boundaries.

Table5-10 PAN Scores and Levels
Mitigation Categories

PAN Relative Prioritization Order Classifierse
0-312 DO NOTHING 1
312- 475 RELINE-REHAB using trenchles 5
technology
475- 637 REPLA_CE the pipe with one of th 3
same size
637- 800 replace and pF!SIZE the Pipe with ong 4
of a larger diameter.
The mitigation model uses enginexssigned PAN classifiers to create prior

distributions and experts assigned mitigation classifiers or target classifiersto gererate

posterior distributionsFigure B220 in Appendix B2 shows tharcGIS interface showing the

City of London PAN Target classifierg are the outcome of sample water pipe scenarios

from the survey. The NBC generate likelihood distiitms to create weights for all variable
values, engineeaissigned variable values to classify the mitigation results into four different
classes (1- DO NOTHING, 2 RELINE - REHAB 3- REPLACE with the same pipe sjze

and 4UP-SIZE or replace with larger pipe size categories). The supervised learning algorithm,

through the training process, adjust the weightgo increase the accuracy of the model predicted

mitigation classes to target tassese . The mitigation model is able to automate
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assigning a capital works activity to every pipe within the MWN that are based on each pipe target

condition, performance and criticality clasges, E  ande

The mitigation model assigne&d = DO NOTHING classifier for pipes with condition
classifierse N (VERY GOOD and GOOD) , performance classifiers ¥ (VERY GOOD and
GOOD) and criticality classifierse N (VERY LOW, MODERATELY LOW, MEDIUM,

MODERATELY HIGH and VERY HIGH) The NBC supervised learning algorithm assigned
E = RELINE-REHAB. Pipe classified by the NBC supervised learning algorithm in this

classifier belongs ta N (GOOD,MODERATE, POOR and VERY POOR) condition classes
ande N (VERY GOOD, GOOD, MODERATE and POOR) performance classes with criticality

classs N (VERY LOW, MODERATELY LOW, MEDIUM and MODERATELY HIGH) The

criticality classifier would poritize the capital work.

TheNBC supervised learning algorithm assigns = REPLACE topipes with condition
classifierse N (MODERATE, POOR or VERY POOR) and performance classifiers a%
(GOOD, MODERATE, POOR andERY POOR). Pipes with REPLACE mitigation class may
have any criticality classifiee N~ (VERY LOW, MODERATELY LOW, MEDIUM,
MODERATELY HIGH or VERY HIGH). The criticality classifier would prioritize the
replacement program. For example, pipes with = VERY HIGH criticality would prioritize
over Pipe's =VERY LOW criticality class. The NBC supervised learning algorithm classifies
pipes with performance issues N = UP-SIZE class.This classifier is assigned h&n
conditions classifiere N (POOR or VERY POOR), performance classifiers @&re N
(MEDIUM, POOR or VERY POOR) and criticality classifiers aee N (MEDIUM,

MODERATELY HIGH or VERY HIGH). Figure 5-7 summarizes the classification rules as
explained.

116



Level 1 — Naive Bayes Classification
Model ch, tI_IP]. and ﬁf,:,.j (Prioritizing
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Figure5-7 Survey Result Classifications
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Condition Class vs Mitigation Performance Class vs Mitigation

Class Class
100% — 100%
¥ 80% . ¥ 80%
m5 5
3 0, 3 0y
2 0% o 0%
g 40% * g 40% =
=3 o o o
o 3 2 3
w 20% v 20%
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Figure5-8 Prioritization Classes vs Mitigation Class

The NBC supervised learning modés applied to the City of London MWN. The
mitigation decisions reflecting the expertads

of 88 percentFigure5-8 summarizes the frequency of appeaeanteach prioritization class in

each mitigation clasg=igure 5-8 shows higher condition and performance clagseandE
appeared in high mitigation classes , but all criticality classes appeared the same on all

mitigation classes . Therefore, pipes with condition and performance issues are identified

for capital activities, and the pipe's criticality classifier would make the capital activity more
urgent. Allresults are populated in ArcGIS attribute data for each pigare B221in Appendix
B2 shows all mitigation model results in the ArcGIS interface.

All variablesw from prioritization, models are used in the mitigation moéejure 5-9
shows all probability in mitigation classifier . This result confirms that prioritizing capital

activities requires much more information than pipe conditions. A performance or criticality

attribute may bange the mitigation classification of a given pipe segment. This is the most
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important shortcoming from the available literature that primarily focused on pipes' physical

condition forcapital activitydecisions.

The mitigation distribution histogram irigure 5-10 shows most pipes that appeared in
classe = 1 are required to DO NOTHING. A few pipes are in class requiree UP-

SIZE, and there are pipes in class tvt0 = REHABILITATION and threeE
REPLACEMENT. In addition to mitigation solutions, ratition, performance and criticality

model would prioritize the required maintenance activity. For example, a pipe that requires

upsizing classifies as exhibiting class fowonditione and class foucriticality e~ shauld
be given a higher priority than another pipe that requires upgizing with class fourcondition

E and class oneriticality E
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Figure5-10 Mitigation Results Histogram

5.4 Verification Exercises

This section presents and comparesaliineerassigned classifiens ,E ,E and
E experts asgned classifiers (target classifierg ,E ,E andE and all model

predicted classifiers ,E ,E ande . The mitigation model results and how municipas

may use the PAN, condition, performance and criticality classifiers to make capital project

decisions are presented.

The PAN calculated by municipal engineesigned variable values would set the priority
of the assigned mitigation. For example,ngsMWN data and apply the NBC model; the result
would be bins that include many pipeséor =RELINE-REHAB ore = REPLACEMENT,
but there are restrictions such as time and resources, which pipe has to go first. The prioritization
decision would be made by the municipal engineer looking at the criticality classifieand
PAN. The higher criticality classes would be prioritized over lower priority classes. The larger the
PAN value is, the higher the pipe priority would be. This section explains the automated mitigation
solution assigned using NBC supervidedrning algorithm and prioritizing process using all

prioritization classifiers and PAN.
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5.4.1DO NOTHING Mitigation Classification

To demonstrate this methodology using the City of London databasenple pipds
choserfor each mitigation classifier . There are 15994 pipe sections in the City of London

that meet the criterion for this classifieigure5-11shows the locations of these pipes.

DO NOTHING
DO NOTHING

~|oo NOTHIN 1
|00 NOTH 1
]
e 1+« " (0 out of 15994 Selected)

~ | Mitigation Classifiers - Model
§

Figure5-11 DO NOTHING Mitigation Result

For example, a 150mm cast iron pipe on Wilking iStselectedhat conforms to this
classification descriptiorkigure5-12 shows all information in the ArcGIS interface. The engineer
- assigned condition clasgfiise = VERY GOOD, the target classifiers are = VERY GOOD
and model predicted condition classifieeis= VERY GOOD. This pipe did not experience any
break, and itvasconstructed in 1977 with more than 25 yearfefmaining Servie Life. The
engineerassigned performance classifier is performance classifier s MODERATE, target
performance classifier i = GOOD the model predicted performance classibethis pipe is
E =GOOD. This pipe is natritical with ae E =t =VERY LOW criticality classifier
for engineerassigned, target and model predicted. Thus, the mitigation result for all engineer
assigned, target and model predicted is =E =E = DO NOTHING. All pipes with
DO NOTHING mitigation classes are prioritized at the bottom of the MWN list for any capital
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activity. The PAN for this Pipe is 220 that is low. Therefore, this pipe does not qualify for any
capital work ativity, as the model confirms.
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Figure5-12DO NOTHING Example

5.4.2RELINE -REHAB Mitigation Classification

The second mitigation classifier is = RELINE 7 REHAB using trenchless

technology. Thelgorithm identified 2435 pipes from the City of London in this category. These
pipes only need minor maintenance work to extend their serviceFlgare 5-13 shows the

location of these pipes.

Figure 5-14 shows an example of a pipe identified for = RELINE- REHAB. The
selected pipe is a 150mm cast iron pipe located on Nashua Ave. constructed in 1967. This pipe has

-4 Remaining Service Lifand only brealonce. This pipe identified & = POOR by engineers
and experts =POOR and the model =POOR for condition classifier. The enginessigned
performance classifieris = MODERATE but e X p erGOOB perbosnaniceg n e d

classifier. The model result performance classifier iss GOOD.
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This pipe is identifiedde =g =€ = VERY LOW criticality class by an engineer,
experts and model. This pipe is identified for = RELINE-REHAB by the algorithm. The
PAN for this Pipe is 430, and according Rmgure 5-14 is in the RELINEREHAB bin. The
criticality of this Pipe ise = VERY LOW, therefore, this pipe is not in urgent need of
rehabilitation and will plan after pipes with =VERY HIGH,E = MODERATELY HIGH,

E =MEDIUM ande =MODERATELY LOW criticality classes.

5.4.3REPLACE Mitigation Classification

The third classifier in the mitigation model &8 = REPLACE. Figure 5-15 shows

locations of the pipes that are identified for replacement by toeithlgn locations. There are 5512

pipes from the City of London water network classified in this category.

Figure5-16 shows an example of a pipe that is identified for replacement by the model. It
is a 150mm spuaast iron located in Riverside Dr. This Pipe is constructed in 1961 and has ten
yearsRemaining Service LifeThis pipe experienced three breaks in the recent five years. This
pipe is classified as = MODERATE condition by municipal enginear, = POOR condition
by expert ande = POOR by the NBC supervised learning algorithm. This pipe ehas
MODERATE performance class by municipal engineer= e = GOOD performance classifier
by experts and the model. This pipe is identified as= VERY HIGH criticality by experts, but
engineerassigned criticality and model result classifieceis = e = MODERATELY HIGH

criticality. This pipe is classified for replacement by the model with 570 PAN. Accordirapte
5-10, this pipe is in the REPLACEMENT bin. This pipe would be prioritized before pipes with

E =MEDIUM, E = MODERATELY LOW and e = VERY LOW criticality classes and

after pipes witte = VERY HIGH criticality classifier.
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5.4.4UP-SIZE Mitigation Classification

The last classifier in the mitigation modelds = UP-SIZE. The model identified 150
pipes in the City of London MWN in this class. The location of these pipe®vensim Figure
5-17.

Figure 5-18 shows ae = UP-SIZE mitigation class example. The selected example

pipe is a 150mm cast iron pipe located on Tabbart Terr. This pipe is constructed ind9a6 an
theRemaining Service Lifef -11 (11 years passed from its designed life). This pipe experienced

17 breaks in its lifespan and four breaks in the recent five years. This pipe is classified as
E =t =VERY POOR condibn for engineeassigned, target and model predicted classifiers.
This pipe is classified as = =t =VERY POOR performance for enginesssigned, target
and model predicted classifiers. This pipe appear€ina&e =g =MODERATELY LOW

criticality classifier for all engineeassigned, target, and model predicted classes. The PAN is 790
and according torable 5-10 is in the URSIZING range. According to this pipe's tarality

classifier ofe = MODERATELY LOW, this pipe would be prioritized after pipes weh =
MEDIUM, e = MODERATELY HIGH, ande = VERY HIGH model predicted criticality

classifiers. For instance, the pipesgction 5.4.3 would be planned before the pipe in section 5.4.4.
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Figure5-18 UP SIZE Example
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