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Abstract. |-WARP is based upon a nonhomogeneous Poisson approach to model breakage rates in individual
water mains. The structural deterioration of water mains and their subsequent failuféeatedaby many

factors, both static (e.g., pipe material, pipe size, age (vintage), soil type) and dynamic (e.qg., climate, cathodic
protection, pressure zone changes). I-WARP allows for the consideration of both static and dynamic factors
in the statistical analysis of historical breakage patterns. This paper describes the mathematical approach and
demonstrates its application with the help of a case study. The research project within which I-WARP was
developed, was jointly funded by the National Research Council of Canada (NRC), and the Water Reesearch
foundation (formerly known as the American Water Works Association Research Foundation — AwwaRF) and
supported by water utilities from USA and Canada.

1 Introduction same time, it is unreasonable to perform a statistical anal-
ysis on the breakage pattern of a single pipe because there
The use of statistical methods to discern patterns of historicabften are insfficient breaks to conduct a credible analysis.
breakage rates and use them to predict water main breaks h&®r this reason, the forecasting of breaks in individual water
been widely documented. Kleiner and Rajani (2001) pro-mains has proven to be quite a challenge.
vided a comprehensive review of approaches and methods In this paper we present I-WARP (Individual Water mAin
that had been developed prior to their review. Since thenRenewal Planner), which is a tool to analyse the historical
several more methods have been proposed, such as those byseakage patterns of individual water mains. I-WARP is
Park and Loganathan (2002), Mailhot et al. (2003), Dridi et based on the assumption that breaks on an individual pipe oc-
al. (2005), Giustolisi et al. (2005), Watson et al. (2006), Gius-cur as a non-homogeneous Poisson process (NHPP). NHPP
tolisi and Berardi (2007), Boxall et al. (2007), Le Gat (Le has been suggested by others to model the same phenomenon
Gat, Y.: Extending the Yule Process to model recurrent fail-(e.g., Constantine and Darroch, 1993; Rgstum, 2000; Jarrett
ures of pressure pipes, private communication, 2008.) anet al., 2003, among others). The approach proposed here
Economou et al. (2008) to name but a few. differs from others in that allows for the consideration of
Many factors, operational, environmental and pipe-dynamic factors, while existing NHPP approaches consider
intrinsic factors, jointly &ect the breakage rate of a water only static factors (i.e., pipe-intrinsic).
main. While not all pipes are created equal (even pipes of The rest of this paper is organised as follows: Sect. 2 pro-
the same material and size), it is normally assumed that pipegides the theoretical background for the model, Sect. 3 dis-
that share a specific intrinsic property, such as material, ocusses issues related to the use of specific covariates, Sect. 4
diameter, can be expected to have the same breakage patescribes the Zero-Inflated Poisson concept, which is pro-
tern, all else being equal. However, non-pipe-intrinsic factorsvided as an option in I-WARP, Sect. 5 provides details on the
may have varyingfect on the breakage patterns offeient  testing and validation of I-WARP results, Sect. 6 provides
pipes, even if all else is equal. For example, two pipes ofa case study to illustrate the model application and Sect. 7
the same material, diameter, age, etc. can be impacted difprovides summary and conclusions.
ferently by climate. These fierences are due to variability
for which we may never have enough data to account. At the
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2 Non-homogeneous Poisson-based model grouping. I-WARP in its current form is implemented with

the second approach; hence it is demonstrated here with
In the proposed model we assume that breaks attfeaan  homogeneous groups. It should be noted, however that it
individual pipei are Poisson arrivals with mean intensity.  would take little éfort to implement I-WARP with the first
Therefore, the probability of observirkg breaks is given by  approach.

A -exp(-Aiy) [-WARP uses pipe diameter as a grouping criterion, as well
P(kit) = Lt | . as categorical properties such as pipe material, soil type, ser-
ki ! . . vice connections or any such property that may be supported

A =explao +07(gi) + @Z + B+ (1) by available data. For example, if a utility has asbestos ce-

wherea, is a constantr(gi,) is the age covariate, agdsits ~ Ment (AC) and cast iron (CI) pipes, with diameters tfehd
codficient,g;; is the age of pipéat yeart; Z is a row vector 8”’ |deaIJ}/, 4 hgmogeneonfs groups could be formed (AC-
of pipe-dependent covariates (e.g., length, diameter, etc.) anfl » AC-8", CI-6”, and CI-8) and I-WARP applied to each

a is a column vector of the corresponding fiigents: g is ~ 9rOUP separately. In situations where too few data exist for
a row vector of time-dependent covariates (e.g., climate) andin€ grouping, groups could be combined for analysis (some
Bis a column vector of the corresponding fiagents;gtis ~ engineering judgment would be useful for deciding on which
a row vector of both pipe-dependent and time-dependent co3rOUPS to combine). Readers should note that in situations
variates (e.g., number of known previous failure — NOKPF where too few data exist for one or more classes of inven-
cathodic protection) angt is a column vector of the corre- tory the accuracy of the results will likely be compromi_sed
sponding cofiicients. Note that if(gi ) = gi. then the aging  "edardless of the type of model or whether or not covariates
is exponential, i.e.d is an exponential function of pipe age, ar€ considered explicitly or implicitly through grouping.
whereas ifr(t) = logy(gi;) then becomes a power function P_|pe Iength and pipe cluster are always us_ed as expllcn co-
of pipe age. Yeatis taken relative to the first year for which variates. Pipe cluster is a surrogate for spatial covariates for
breakage records are available. Gmients are obtained us- which data may not always be available. Water utilities often

ing the maximum likelihood method. lack data that are (directly or indirectly) geographically re-
lated, such as soil data, overburden characteristics (land de-

velopment, tréfic loading), historical installation practices,
groundwater fluctuations, transient pressures, poor bedding,
etc. These data, if available, may sometimes help to “ex-
plain” variations in breakage rates among individual water
Pipe-dependent covariates can be considered explicitly in thenains. In the absence of such data, the proximity of a pipe
probabilistic model or implicitly by partitioning the data into to a cluster of historical breaks may serve as a useful surro-
homogeneous populations with respect to these covariategjate. The details on how to form pipe clusters and the cluster
The explicit consideration introduces some limitations. Forcovariates are not discussed in this paper.
example, if one includes pipe diameter in theector of co-
variate§ the mean breakage inten;ities for all pipes with th%_2 Time-dependent
same diameter are assumed to be impacted by the same mag-
nitude. Moreover, this inclusion implies that pipes ofeli- In the category of time-dependent covariates, three climate-
ent diameters are impacted proportionally to the exponent ofelated covariates were considered, namely freezing index
the diference between their respective diameters. For exam{Fl), cumulative rain deficit (RDc) and snapshot rain deficit
ple, if pipe diameter is a covariate with a negativeficent (RDs). Kleiner and Rajani (2004) provided a detailed in-
—a then the impact on breakage intensity of a 200 mm pipe-troduction and a rational for using these covariates. Fl is
diameter is smaller than that of a 100 mm diameter pipe bya surrogate for the severity of a winter, RDc is a surrogate
exp[-a(200-100)], and so forth. Alternatively, one can par- for average annual soil moisture and RDs is a surrogate for
tition the population of pipes into groups, each comprisinglocked-in winter soil moisture (appropriate for cold regions,
only pipes with the same diameter. Each group is then analwhere soil can freeze in the winter).
ysed separately, producing group specificfiornts. The I-WARP is not restricted in the way it can consider time-
latter approach encompasses two advantages: (a) removdependent covariates. In fact any phenomenon, suspected
of the forced proportionality described above, and (b) relax-as a contributor to observed variations in breakage rate, can
ation of the implied assumption that each covariditecs the  be considered in the model, provided there exists a time se-
mean intensity independently. These two advantages come aies describing this phenomenon over the observed period
the cost of reduced statistical significance due to analysis 0bf time. Such phenomena can be represented quantitatively
smaller pipe populations (groups). or qualitatively. For example, in one of the case studies
The model represented in equation (1) is general enougldocumented in this research, uncharacteristically elevated
to accommodate both approaches, namely explicit considbreakage rates were observed in a network during two non-
eration of pipe-dependent covariates and consideration bgontiguous years. A quick inquiry revealed that the network

3 Covariates

3.1 Pipe-dependent

Drink. Water Eng. Sci., 3, 71-77, 2010 www.drink-water-eng-sci.net/3/71/2010/



Y. Kleiner and B. Rajani: I-WARP: Individual Water mAin Renewal Planner 73

experienced pump station failures in those years, which repoints will have the observed vallkg =0 (i.e., zero breaks
sulted in high breakage rates probably due to transient pressbserved for pipéat yeart — see Eq. 1). It has been observed
sures. A qualitative time series describing this phenomenorie.g., Lambert, 1992) that a counting process with many ze-
was incorporated in the model and the calibration results im+os (i.e., many more than what is expected from Equation 1)
proved significantly. Other phenomena represented by timeeannot be adequately represented by a Poisson process. Lam-
series could include pressure regime changes overtime, ledert (1992) proposed a technique she called “Zero-Inflated
detection campaigns, changes over time of overburden (trafPoisson” (ZIP) regression, for handling zero inflated count

fic) intensity, etc. data. In this approach, the counting process at hand is pro-
duced simultaneously by two mechanisms, namely a zero
3.3 Pipe and time-dependent generating process and a Poisson process. Economou et

al. (2008) used this approach in their model to predict pipe
In its current form I-WARP considers three pipe-dependentpreakage rates, and called the probability of obtaining a zero
and time-dependent covariates, namely, number of knowrjata point “the natural tendency of the pipe to resist failure”.
previous failures (NOKPF), a covariate related to hot spot|-WARP allows the option of incorporating the ZIP process
cathodic protection (HSCP) and a covariate related to retrofiin the analysis, as it can (but is not guaranteed to) improve
cathodic protection (RetroCP). To ensure stability in the prediction accuracy. When ZIP is considered the probabil-

maximum likelihood calculations it may be beneficial to use ity of observingk; breaks (at yearfor an individual pipe)
the log. of NOKPF as the covariate, especially when there pecomes

are substantial discrepancies between breakage rates of indi-

vidual pipes in the group. P(k..) :{
The dependency of pipe failure rate on the number of pre- "

vious failures has been observed by others (e.g., Andreou et

al., 1987; Rostum, 2000). Typically, covariates used were i=1,2,...,N;t=1,2,...,T (2

break order, or number of breaks observed since installation. . . .
. i~ whereN is the number of pipes antdis the number of years
As the vast majority of water utilities do not have a com-

plete breakage history of pipes since installation (left trun—Of available breakage da; is the parameter of the second

cated data), we selected a more realistically available (if les echanism (the first in the Poisson process) that produces

. . . . ?Q + = 0 with probabilityG;;. It is convenient to formulat&; ;
rigorous) covariate of previously known number of failures. . . * i . ’
n a logit form because its value must lie in the interval [0,

The aforementioned cathodic protection covariates are no Lie
described in this paper T

Gi,t + (1— G‘i’t)ei/li’t for kj’tZO
(L-Gi)Meti/ky!  forkyg>0

Logit(Gi;) = f (some covariates)
3.4 Data requirements or

. . . . f()
Itis clear that rich and accurate data increase the quality and;m __¢

credibility of the results. The authors’ experience in the field +te

shows that no water utility has a perfect dataset and there ark is reasonable to assume tha; is generally influenced
huge diferences in data quality between water utilities. Evenby the same covariates that influence the mean intengity
advanced water utilities with sophisticated GIS can have seTherefore we defin;; as a function oft; ;

vere deficiencies in the quality of data that pertain sometimes

-
to pipes laid more than 100 years ago. Data cleansing is alg, , = e (4)
ways encouraged and the I-WARP program application has =~ 1+e%~%
some (limited) built-in tools to filter out inconsistencies. whereg;, is the ZIP cofficient. Note that with this formula-

The authors’ sense is that it is prudent to have at least Sion G;; tends to zero as;; increases an;; tends to unity
years worth of failure data in order to obtain meaningful re- as;; decreases.
sults, but of course a longer dataset is expected to increase
accuracy and significance of results. Pipe-dependent datg Testing and validating I-WARP
(material, diameter, vintage, service connections, etc.) are

used as grouping criteria and the more data are available thene testing protocol consists of three steps: (a) training the
more refined the grouping, likely yielding more refined and yodel (discern caicients) on data of years (training pe-

accurate results. riod), (b) use the discerned dtieients to forecast breaks in
subsequen¥ years (validation period), and (c) compare the
4 The Zero-Inflated Poisson (ZIP) process forecasted and observed breaks in the validation period.

The evaluation of how well the trained model fits ob-
In reality, most water mains fail relatively rarely, which served data (step (a)) is challenging for this type of model
means that in a typical data set many (if not most) of our datebecause observed data are integers (counts of breaks) while
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the model predicts expected number of breaks (referred to  so

=}

earlier as “mean intensity” or “mean rate of occurrence” of 70 pump failure >
failure), which are real numbers. Therefore, measures like |
root mean square deviations or generaliRdNagelkerke, o |
1991) are not well suited for this type of model. Conse- .
. 40 + . LRe
guently, two goodness of fit measures were used, namely § . o. .. .
a pipe-dimension cdgcient of determinationpR, and a = ¥ R U
time-dimension co@cient of determinatiortR?. 200 .. . .
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We use a data set obtained from a water utility in western
Canada to illustrate the performance of I-WARP. The data
_ ~ ) set comprises 1091 individual pipes (each with a minimum
wherek; is the observed —and, is the estimated —number |enqih of 20 m) with a total length of 146.6 km, all 150 mm
of breaks in pipe at yeart. EssentiallypRe computes the  giameter unlined cast iron pipes, installed between 1956 and
codficient of determination between the observed and pre-ggo. Available pipe data included pipe material, diameter,
dicted data, where the data are aggregated by pipe (i.e., fqpgtaliation year, length, and x-y coordinates of pipe nodes.
each pipe it compares the total number of observed breaksy intervention that involved pipe exposure and repair was
with predicted values over training periag. Similarly, tR®  considered a “break” event, for which date, type and related
computes the cqﬁcient of determination between the ob- ipe ID was provided. Full year breakage data were avail-
served and predicted data, where the data are aggregated glﬁle for the years 1961-2006. Some information on cathodic
year (i.e., for each year ifi it compares the total number of - ,rotection was also provided but is not used in this example.
observed breaks to predicted values imafipes). Climate data for the analysis years were obtained from En-
Equation (5) can also be used to evaluate results of step (cyironment Canada. I-WARP was trained on 40 years failure
i.e., the forecasting accuracy. In addition, we used a measurdata from 1962 to 2001 and the d¢heients obtained from
to assess the “ranking ability” (in terms of forecasted num-training were used to forecast breaks for validation for the
ber of breaks) of the forecast. This measure is explained asubsequent 5 years, i.e., 2002—2006.
follows: if in a groupP, comprisingp pipes there is a sub-  The temporal distribution of the breaks is illustrated in
setN comprisingn pipes that have at least breaks, if one  Fig. 1. Note the two outliers in 1982 and 1986. The util-
draws at random pipes out ofP, then P-value is defined as ity engineering stfi noted that pumping station failures oc-
the probability that at leastpipes (from those drawn at ran- curred in these years with the consequence of a significant
dom) are members d{. It can be shown thdtis a random  spike in the number of pipe failures. As discussed earlier, I-
variable with a hyper-geometric probability distribution, and WARP allows the inclusion of such information by means of
P-value can thus be computed. For example, suppose thatuser-defined time-dependent covariate. Figure 2 illustrates
in a group of 100 pipes 5 pipes are observed to have expethe training and validation results with temporal aggregation
rienced at 4 breaks (each) during the validation period. If 5(top) and pipe-aggregation (bottom). Table 1 provides the
pipes are selected at random from the 100 pipes, the probganking ability of the model. Note that the ranking ability is
bility that at least two of those selected will have 5 breaks infor the validation (not training) period.
the validation period is P-valu€0.019. It follows that if the The ageing covariate(t) = log,(gi;) was used in this case
model succeeds in identifying 2 out of the 5 highest breakingsy,dy. An examination of the céiicients (Fig. 2) reveals
pipes (in a group of 100 pipes) it is doing significantly better that background ageing was therefore proportional to sixth
than a random draw (which has only about 2% chance to dqqqt (power of about 0.16) of pipe age. The impact of cli-
as well). mate covariates on the model was inconsistent. Freezing in-
The statistical significance of the contribution of each co-dex (FI) showed little impact, rain deficit (RDc) appeared
variate to the model accuracy can be determined by e.g., the® have a more significant impact, but the impact of snap-
likelihood ratio test (e.g., Ansel and Phillips, 1994). This shot rain deficit (RDs) was in a counter intuitive direction
topic, however, is not discussed in this paper. (negative cofficient). Water mains of this water utility are
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Figure 2. Training and validation results.

Table 1. Ranking ability of the model (validation period).

N break(s) in the validation period n=1 n=2 n=3 n=4 n=5
# pipes with at least (observed) break(s) out of 1091 pipesingroup 170 30 6 2

# of pipesk, identified correctly 53 9 1 1 M
P-value (probability of identifyindk pipes by pure chance) 0.0 0.0 0.033 0.004

typically buried at a depth of 2.4 m, which may explain the than old” and “worse than old”). The length covariate in this
insignificant impact of Fl, but not the negative sign of RDs. case study was taken as theJog pipe length, which means
The positive sign of NOKPF may point to a “worse than that the number of estimated break was proportional to the
old” condition (in repairable systems four repair-related con-length of the pipe raised to the power of 0.7, which is a rela-

ditions are observed, “good as new”, “good as old”, “better tively strong dependency.

75

www.drink-water-eng-sci.net/3/71/2010/ Drink. Water Eng. Sci., 3, 71-77, 2010



76 Y. Kleiner and B. Rajani: I-WARP: Individual Water mAin Renewal Planner

The results seem to indicate that in this case study: support such an analysis. In its current form I-WARP sup-
ports 3 climate related covariates (freezing index, rain deficit-
cumulative and rain-deficit-snapshot), two types of cathodic
protection covariates and two user-defined time series. Time

— I-WARP tended to be quite accurate in predicting total
numbers of breaks:

# Breaks . . . .
series representing time-dependent covariates can be accom-
Training period  Validation period modated if they are thought to have an impact on observed
Observed 1184 208 historical breakage patterns.
Predicted 1173 189

A prototype computer application was created for the
— I-WARP was rather successful in estimating the total application of I-WARP. It will soon be publicly available

number of breaks per year of the entire grotig?  through WRF.
0.61)

— I\WARP was not as successful in estimating the r]um_AcknowIedgement. I-WARP was developed as part of a research
. project, which was co-sponsored by the Water Research Foundation

ber' of breaks per plpepR2 =043). It tended to over- . (WRF —formerly known as the American water Works Association
estimate the number of breaks for pipes that experi-gesearch Foundation — AwwaRF), the NRC and water utilities from
enced few breaks, while under-estimating the numbefine United States and Canada. The authors wish to acknowledge
of breaks for those pipes that experienced a higher numthe invaluable help provided by Ahmed Abdel Akher at the NRC.
ber of breaks. A similar tendency has been observed by
others, e.g., Rostum (2000). This may be due to the facEdited by: J. Vreeburg
that there are many pipes with zero or few breaks and
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