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Abstract: The processes and mechanisms giving rise to failures in repairable
systems such as underground water pipes are quite complex and not
quite fully understood yet. Many data sets involving pipe break history are
poor in both quantity and quality resulting in data sets in which a
significant number of pipes have no failures recorded at all. Conventional
point process models such as the NHPP may be inadequately flexible to
capture the failure process. In this paper both an NHPP and a zero-
inflated version of it are applied on a North American pipe data set, using
the cumulative number of failures in the past as an explanatory variable.
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Introduction

The processes that cause bursts in underground water pipes, which are repairable
components which may or may not behave independently, are often complex and hard
to model statistically. This is mainly due to the fact that many factors affecting these
processes are hard or even impossible to observe sometimes and in addition, existing
records are often of poor quality. Accurate prediction of pipe bursts is vital to water
companies in terms of budgeting and planning replacements or repairs therefore
models need to be flexible enough to capture these complex processes as well as
allowing for possible heterogeneity between pipes and for un-natural variations in the
data (e.g. measurement errors). There are many applications of statistical models on
water pipe systems some examples of which are: Lei and Saegrov, 1998; Mailhot et
al., 2000; Dridi et al., 2005. A common way to picture pipe failures is points on a time

© Asset Management of Medium and Small Wastewater Utilities, International Water Association,
Alexandroupolis, Thrace - Greece, 3-4 July 2009.



line so an intuitive and commonly adopted class of models for pipe bursts is point
process models. (Kleiner and Rajani, 2001; Gat and Eisenbeis, 2001). Point processes
describe the occurrences of events in time according to an intensity function or the
occurrence rate. Here the events are pipe failures and the intensity function can be
seen as the failure rate. A particular point process is the non-homogenous Poisson
process (NHPP) which is useful in the sense that it is flexible enough to capture the
(possibly) non-linear relationship of the failure rate with time and at the same time
allowing for the inclusion of suitable pipe factors (Loganathan et al., 2002). In
addition, unlike the homogenous case, in an NHPP, the times between each failure are
not independently distributed so the NHPP is a well established process, able to
capture the deterioration (ageing) in water pipes.

One of the main properties of the NHPP is that it can be viewed as a time
dependent Poisson distribution. Formally, in any time interval (tl,tz], the number of
pipe bursts follows a Poisson distribution with mean

ALt x) = [ A x)dt

where A(t,x) is the failure rate (failures/unit time) which depends on time t and a
vector of pipe factors X . This property was in fact used in (Economou et al., 2007)
where an aggregated model was developed when dealing with data that do not include
actual burst times. As mentioned earlier, many pipe burst data have a time span which
is much less than the actual age of the pipes resulting in the fact that in terms of
counts of failures under the Poisson assumption, there will be an excess amount of
zeros in the number of failures (a situation commonly known as zero-inflation). To
deal with zero-inflation in models that assume a Poisson distribution for counts,
(Lambert, 1992) introduced the zero-inflated Poisson (ZIP) model which has been
used extensively since then (Angers and Biswas, 2003; Ghosh et al., 2006). The idea
here is to utilise the idea of the ZIP to be used in conjunction with the NHPP
essentially offering extra flexibility if needed to allow for an excess of zeros in the
failures.

In this paper we are proposing a zero-inflated NHPP model to account for the
excess of zeros in the data by adopting the idea of the ZIP model. In Section 2 the
NHPP model is described and then extended to its zero-inflated version. Both models
are applied to a real-life North American data set involving a network of 1349 pipes.
The results obtained are presented in Section 3. Section 4 presents an overview with
conclusions as well as on-going work. This work is an extension of the work in
Economou et al. (2008) where the same data set was analysed without using the past
cumulative burst frequency as an explanatory factor.

1. NHPP MODEL SPECIFICATION



Conventionally, the NHPP is modelled through the failure rate (intensity function)
A(t, x) and here we assume a parametric model based on the power law:

Alt,x)=a"e™; 6>0
where @ is the shape parameter. Note that & > 1 implies that the pipe is ‘ageing’ or
getting worse since A(t,x) will be increasing non-linearly with t whereas 6 =1
implies a constant failure rate and the process is HPP. Essentially, A’ is the
baseline failure rate of a pipe which is shifted accordingly by the influence from

related explanatory variables x=(1, Xpreeon Xg with associated parameters

|3=(,Bo,ﬂl,...,ﬂq). Water pipes are repairable components which do not

necessarily return to a better or the same condition after they are repaired, leading to
the idea of including the cumulative number of failures Z (t) as a possible (time

dependent) factor. Following the lines of Gat, 2006 the factor is incorporated in the
failure rate as such:

At,x,Z(t))= 1+ aZ ()&’ 'e™

where formally, Z (t) is the cumulative number of failures observed up to time t and
o is just a parameter.

To write down the likelihood of the NHPP, suppose that a pipe has been observed,
in time interval(tO,T], to fail n timesat t,,t,,...,t, where t, <t, <---<t <T.

Given this data, the likelihood of the NHPP with failure rate A(t, x, Z (t)) is given by:

5

exp{- A, TIx)} @

L() = {ﬁﬁ,(tj,x,z(tj))}

where d' is zero if N is zero and equal to one otherwise. Note that t, is not

necessarily zero, i.e. the observations starts when the pipe was installed since this is
rarely the case as many data sets are left censored in that respect. If that is the case

then 1, in (1) should reflect the time that the pipe was first observed in relation to its
installation date. Also, (1) is said to be failure truncated if T =t and time truncated
if T >t,.

NHPP Likelihood for A Network of Water Pipes



To extend the results above to more than one pipe, suppose that N pipes have
been observed each in the intervals (‘[Oi ,Ti] where 1=12,...,N denotes a single
pipe. The failure rate of an individual pipe is:

A(tx,,Z,(t) = 1+aZ, ()0t e 6 >0

where B, =(ﬂowﬂ1,...,ﬂq). By making [, pipe specific, we include random
effects in the model which will account for possible heterogeneity between the pipes
other than that explained by the explanatory variables and 6, . In other words, these

random effects will allow for any ‘strange’ behaviour in the failure process of the pipe
other than that explained by the ageing and the pipe factors. Using (1), the overall

likelihood for a network of N pipes, assuming independence, is:

L() = li[ {ljli t,.x,Z; (t))T eXp{_Ai ((tm Nk ]’Xi )}

The Zero-inflated NHPP Model

The ZIP model was first introduced by Lambert, 1992 to cope with zero-inflation
in defects of items in manufacturing. The underlying idea is that in the ZIP, extra
probability is added to the event of zero counts in the Poisson model essentially
classifying it as a mixture model: counts are either generated by a Poisson distribution

with probability P or by a zero generating process with probability(l— p).
Mathematically, Y is distributed as a ZIP if

(L-p)+pe ¢
or y=0
flyy=e*u’ ’

p yi fory=12,...

The idea can be relatively easily extended to the NHPP model where an extra
parameter P, is introduced for each pipe so that failures are either generated by a

NHPP with probability [, or by a process that generates no failures with
probability(l— pi). The likelihood of the zero-inflated NHPP can written down

using [3; explicitly but here we prefer to introduce a new variable U;, a thing which
helps in the coding of the model as well :



L()= lﬂll U; |:ln_li. (t,. %, Z; (t))Ti exp{- A (o, T} x)} |+ (L-u; JL-45))

u; ~ Bernoulli(p;)

In our point of view, (1— pi) reflects the natural tendency of the pipe to resist
failure. This will of course be different for each pipe which is why it is pipe specific
and in addition it is parameterised so that a random effect is also included:

logit( P, ) = o + 71X+ F VoXgi + Vage T

Note that in addition to the pipe factors, the age of each pipe at the end of the
observation period T; is also included under the assertion that the resistance to failure
of a pipe will probably decrease as it gets older.

3. CASE STUDY
Description of Data

Both models, the NHPP and the zero-inflated NHPP (ZINHPP), were applied to a
data set of a network of 1349 underground water pipes of a municipality in North
America. All pipes are made of the same material, namely cast-iron and were all
installed between 1945 and 1960. The times of failures are given in months of each
year but here we choose to work at the yearly level since the monthly level is
probably too small to work with sensibly. Table 1 shows some details about the
failure data:

Table 1. Description of the Network

Number of pipes 1349
Total number of failures 5425
Earliest failure on record 1962
Latest failure on record 2003

In order to test the predictive accuracy of the models as well as their ability to cope
with left-truncated data, the models were calibrated over the 30-year period 1969-
1998 and validated over the 5-year period 1999-2003. Details are given in Table 2.



Table 2. Data Set for Model Application

Calibration (observation) period start Jan1969
Calibration (observation) period end Dec 1998
Validation (prediction) period start Jan 1999
Validation (prediction) period end Dec 2003
Total number of failures (calibration) 4324
Pipes with no failures (calibration) 346
Total number of failures (validation) 422
Pipes with no failures (validation) 1032

Bayesian Estimation of Parameters

The two models described in section two are quite complex in terms of number of
parameters recalling that there exist 2 pipe specific parameters for the NHPP model
and 3 for the zero-inflated one. These types of models are naturally and perhaps more
easily handled within the Bayesian framework and in particular using Markov chain
Monte Carlo (MCMC) methods. In the Bayesian paradigm, parameters are seen as
random quantities where the randomness represents the uncertainty that we have
about them. This uncertainty is expressed in the form of prior distributions which are
updated by the likelihood of the data to arrive at the posterior distributions which
express the uncertainty of the parameters after the data has been taken into account. In
the North American data set, the only available pipe factor is the length of each pipe

SO:

B.x, = By + flength, and logit(p, )=y, + 7,length, + Vage T,

The relatively uninformative priors assumed for each parameter are summarized in

Table 3.

Table 3. Prior Distributions

) Gamma(a,b)
a Normal(0,1000)
Po Normal(g, o)
Yo Normal(0,1000)
B, Normal(0,1000)
a Gamma(0.01,0.01)
Gamma(0.01,0.01)




H Normal(0,1000)
%2 Gamma(0.01,0.01)
7 Normal(0,1000)

Y age Normal(0,1000)

The models were applied using WinBUGS (Spiegelhalter et al., 1999) and
samples of the posterior predictive distributions for the actual number of failures as
well as the probability of failure were collected for both the calibration and the
validation period.

Note that although there is a large number of parameters (9i ,ﬂOi v Yoi ), these are

assigned a common prior distribution (and hence a common posterior), effectively
only using information in the data to calibrate a much smaller number of parameters.

Results
The means of the posterior distributions were taken as the point estimates for each
parameter and are shown in table 4. Table 5 shows statistics of the pint estimates for

the pipe specific parameters.

Table 4. Estimates of Global Parameters

Parameter NHPP Zero Inlflated NHPP
Estimate St. Estimate St.
Error Error
yo 0.00268 0.00017 0.00234 0.00015
a 0.439 0.042 0.372 0.032

Table 5. Estimates of Pipe Specific Parameters

Para- NHPP Zero Inlflated NHPP
meter Mean Min Max Mean Min Max
0. 0.128 0.094 0.182 0.147 0.117 0.192
Do 1.494 1.460 1.54 1.487 1.407 1.612
P; - - - 0.902 0.055 1

The variability in the point estimates (means of posteriors) of the probabilities P,
indicates that the ZI-NHPP is likely to be capturing the differences that pipes with

zero recorded failures may have with other pipes.



Samples from the posterior distribution of the probability of one or more failures
were collected for both the calibration and the validation period. These probabilities
were then used in a Bernoulli trial to decide whether a pipe will fail or not, i.e. if zero
is the outcome of the trial then pipe does not fail and vice versa. A 2x2 ‘confusion’
matrix could then be constructed whose diagonal entries reflect the number of pipes
correctly predicted to fail or not whereas off-diagonal entries are the number of
wrongly classified pipes. 500 of these matrices were constructed and averaged for
each model. Results are shown in Tables 6-9.

Table 6. NHPP model calibration period

NHPP model Predicted pipe failures
Not failed Failed Total
Actual pipe Not failed 101.7(8%) 244.3(18%) 346
failures Failed 103.2(8%) 899.8(67%) 1003
Total 204.9 1144.1 1349

Table 7. Zero-inflated NHPP model calibration period

ZI-NHPP model Predicted pipe failures
Not failed Failed Total
Actual pipe Not failed 165.7(12%) 108.3(13%) 346
failures Failed 90.7 (7%) 912.3(68%) 1003
Total 256.4 1020.6 1349

Table 8. NHPP model validation period

NHPP model Predicted pipe failures
Not failed Failed Total
Actual pipe Not failed 743.3(55%) 288.7(21%) 1032
failures Failed 172.9(13%) 144.1(11%) 317
Total 916.2 432.8 1349

Table 9. Zero-inflated NHPP model validation period

Zero-Inflated Predicted pipe failures

NHPP model Not failed Failed Total

Actual pipe Not failed 750.3(56%) 281.7(20%) 1032

Failures Failed 173.9(13%) 143.1(11%) 317
Total 924.2 424.8 1349

From Tables 5 and 6 it appears that the ZI-NHPP is doing a slightly better job in
reproducing the right number of pipes that failed in the sense that the two main
diagonal entries add up to 80% comparing to the 75% from the NHPP model. The
difference is clearly due to the fact that the zero-inflated model is doing a better job at




fitting pipes with zero failures as should have been expected. This, however, is not
true for the validation period where the two models perform similarly.

4. Conclusions

The processes involved in modelling the occurrence of bursts in water pipes are
clearly very complex and existing data rarely contain enough information which may
be helpful in capturing these processes. Here we have taken the conventional NHPP
model and extended it to incorporate random effects as well as utilising the history of
cumulative failures as an explanatory factor. The model has sufficiently captured the
pipe failures, 75% in the calibration and 66% in the validation period. Furthermore,
under the assertion that the excess number of zeros in the failures can be assigned
extra probability, a zero-inflated NHPP was fitted to the data which did perform better
in the calibration period (80%) but not in the validation period (75%). This may be
due to the fact that the extra probability of not failing, namely p;, was not time
dependent but assumed to be constant over time. By making p; dependant on time
may give the right amount of flexibility to the ZI-NHPP to really capture the extra
resistance that some pipes may have to failing for reasons other than age.
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