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Abstract

The lack in quality and quantity in the data for underground water pipes has been a major
obstacle in modelling and predicting pipe bursts. Motivated by this insufficiency of data and
in particular the failure to record actual pipe burst times, an aggregated Bayesian non-
homogeneous Poisson process (NHPP) model is proposed. The model simply utilises the age
of the pipes and the number of bursts within an observation period in order to capture the
deterioration process, without the need for individual times of each burst. Modifications are
also made to account for right censoring in the data as well as left truncation as it is often the
case that a pipe is observed long after it has been laid down. Actual failure data from an
underground water pipe network in New Zealand is used to demonstrate the ability of the
aggregated model to perform as well as conventional NHPP models. Implementation of the
models utilises sampling techniques and in particular Bayesian Markov-chain Monte Carlo
(MCMC) methods.
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1 Introduction

Forecasting pipe burst behaviour in water distribution systems is essential in terms of scheduling
replacements and repairs, and in planning associated budgets. Nevertheless the processes which
give rise to pipe failures are complex and affected by a large variety of factors both measurable
and immeasurable therefore by simply considering the age of the pipe to explain the deterioration
in the pipes is not sufficient (Boxall et al., 2004). In addition, most existing pipe burst data are
poor in the sense that it is only of lately that water companies have started recording at least
some information on pipe failures resulting in data sets containing burst information on only a
small percentage of the lifetime of the pipes (Gat and Eisenbeis, 2000). This results in data sets
being left truncated, with respect to time.



Various modelling approaches have been used so far for prediction, depending upon the failures
of interest, the nature and complexity of the network and the availability, scope and reliability of
relevant data (Kleiner and Rajani, 2001). A repairable system is one that retains the reliability
level that it had before a repair. Therefore one approach is to consider the network or even the
pipes themselves as repairable systems and thus use models drawn from reliability theory which
treat the occurrence of failures as a non-homogeneous Poisson process (NHPP), i.e. a Poisson
process with time varying failure rate. This approach has the advantage of explicitly
incorporating and characterizing the non-linear relationship between failure rate and pipe
deterioration with age as well as allowing for the inclusion of other covariates. Recently, Watson
(2005) has demonstrated how this approach in conjunction with Bayesian MCMC methods can
be used effectively to develop a pipe replacement policy.

However, one drawback of the NHPP models is that they require detailed data on actual failures
times in order to estimate the shape of the underlying reliability curve. In practice, at least in the
UK, this level of detail may not be available since many water companies record only total
numbers of failures in different parts of the network over time periods of numbers of years,
rather than actual failure times resulting in data being aggregated over the observation period.
This paper proposes a modified NHPP model which only makes use of numbers of failures in an
observed time period and the age of each pipe at the end of this period, but is still able to capture
the age deterioration phase of the reliability curve and provide predictive results comparable to
those obtained from the conventional NHPP model which requires both numbers and times of
failures. The commonly employed power law process (Lee and Lee, 1978; Landers et al., 2001,
Sen, 2002) in conjunction with the proportional hazards model (Cox, 1972) is adopted for the
intensity of the NHPP.

In section 2 the NHPP model and its aggregated version are described. The likelihood of both
models is derived which accounts for right censoring as well as left truncation. The models are
tested, in section 3, on some real data of pipe bursts in Manukau City, Auckland, New Zealand,
using Bayesian inference and in particular MCMC methods. The implementation of this type of
models within the Bayesian framework is quite novice in the water pipe field with the most
recent example being a PhD thesis by Watson, 2005. The reason why the Bayesian inference is
potentially superior is that it does not only allow the consideration of each pipe individually but
also the inclusion of random effects. Section 4 is composed of conclusions and further possible
extensions and improvements to the model.

2. Model Specification

2.1 Basic NHPP Model

Suppose pipe i is observed in the time period [0,Ti], n; represents the number of failures in that
time period and tiy, tiz, ..., tin denote the times of each failure. Assuming these failures occur as a



NHPP with intensity function A(ti), j =1,2,...ni, then in the conventional reliability context one
would normally consider the (time truncated) likelihood function
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which is the joint probability density function (PDF) of the failure times f (ti,...,tin) where

A((0,Ti]) = J':/I(t)dt is the expected number of failures in [0,T;) (Meeker and Escobar, 1998).
This model is denoted here as Model 1. A wide range of models exist which can be used to
represent the intensity function A(tij) (Kleiner and Rajani, 2001). Here we adopt a formulation
based on the proportional hazards model A(ti) = ﬂo(taj)e“’“ where pxi is a linear function of
possible suitable pipe covariates xi = (X, X2,..., X) With associated parameters p = (ﬂl,ﬂz,...,ﬂk)
and where the baseline hazard is parameterised as:

lo(tij) = %Si(tij)‘gi_l; 7,9 >0,
which is sometimes referred to as the power law. An important feature of this model is that the
shape parameter, 4, can represent both a deteriorating system (¢ >1) and an improving system
(9 <1). Setting % = e”” the overall intensity function is

Alti) = (i) eP™
where Bi = (,Bm,ﬂl,...,ﬂk).

2.2 Aggregated NHPP Model

An important property of the assumption made above, that bursts occur as a NHPP with intensity
function A(t), is that the number of failures, F(t), in any time interval [t,t2] follow a Poisson

t2
distribution with mean I/i(t)dt = A([ts,t2]) (Rigdon and Basu, 2000), i.e.

Pr(F(t)- F(tz)=n)=

o-A(utz) A([ts, t2])
n!

(2)

As mentioned previously, the likelihood given by (1) involves both the number of failures, ni and
the individual failure timestij. Suppose, however, that only ni and not tj are available. Then
using (2), we see that ni ~ Poisson(A([0,Ti))) which allows direct use of the Poisson likelihood
when dealing with aggregated data (i.e. data on number of failures and length of period of
observation only). We are making the assumption here that the observation period starts at time
zero (i.e. the installation time of the pipe) which is rarely the case since typically we will only
have failure information for a few recent years and the pipe will usually have been installed long
before the start of that period. So if we suppose that we start observing pipe i at toi >0, then
ni ~ POiSSOﬂ(A([tOi,Ti))). Assuming that we have N pipes and that these pipes are independent,
then the overall likelihood for the data on all pipes is:
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Hence the Poisson likelihood can be used to estimate 6 and gi without the need of tij. This model
is denoted here as Model 2.

we have

Going back to (1) we can see that in the case that the likelihood needs to be modified for left
truncation as well as the case when ni = 0. Therefore we introduce the binary variable & where

=0 ifn=0
1 ifni>0

Using & and (3) the likelihood in (1) now becomes

L(8,p:) h]&t“%M}eym_h&_wﬂkm}

3. Model Application

In order to assess the performance of Model 2 in relation to Model 1, both were fitted to the
Howick Pressure Zone data in Manukau city, Auckland, New Zealand (Watson, 2005) which
consists of 532 asbestos cement pipes with 175 recorded failures in the period 1990-2001. Only
81 out of the 532 pipes have reported bursts resulting in 451 pipes that have zero failures. Both
Model 1 and Model 2 were implemented in the Bayesian framework using MCMC and in
particular Gibbs sampling. These were fitted in WinBUGS (Spiegelhalter et al., 1999) for the
first 9 years worth of data and were used to predict the number of failures in each pipe for the
remaining two years of the observation period. Two parallel Markov chains were run for each of
the models, taking one sample in every 25 iterations collecting a total of 5000 samples from each
chain. This was enough to ensure good convergence and rate of mixing for each parameter.
Covariates in the model include pipe length, pipe diameter, pressure and absolute pressure. A
gamma prior was used for each of the $'s whose parameters were also given diffuse gamma
hyperpriors. Furthermore poi, fu,..., < were each assumed to have a normally distributed prior

with zero mean and large variance.



The probability that a pipe will fail in those two years was extracted from the samples used to
build the posterior predictive distributions of the number of failures in each pipe. Specifically,
the probability was calculated by dividing the total number of non-zero elements in each sample
by the total number of the elements in the sample. These probabilities were then used to perform
a Bernoulli trial for each pipe thus deciding whether a pipe will fail or not. Confusion matrices
were then constructed, comparing whether each pipe actually failed in the two years with the
predicted cases of failures. For each model, 500 of these matrices were produced and averaged to
ensure accuracy in the results.

Model 1 Predicted pipe failures
Not failed Failed Total
Actual pipe | Not failed 495.5 15.5 511
failures Failed 18.3 2.7 21
Total 513.8 18.2
Model 2 Predicted pipe failures
Not failed Failed Total
Actual pipe | Not failed 496.6 14.4 511
failures Failed 18.5 2.5 21
Total 515.1 16.9

Considering that Model 2 was fitted on the same but less informative data, the predictions from it
match quite closely those of Model 1 suggesting that Model 2 is a good substitute of model 1
when data does not include times of failures. In addition, the aggregated model was still able to
adequately capture the ageing process through the parameter 9 although point estimates of these
and the foi's did differ between the two models. Coefficient estimates of the covariates were

practically the same for the two models. The mean values of the posterior predictive distributions
of the number of failures for each model are presented in Figure 1 below, one against the other.

4. Conclusions

In summary, although the data did not contain actual times of failures, the aggregated model was
still able to adequately capture the ageing process in individual pipes (a key element of the
NHPP), at least as good as Model 1. This fact could prove to be quite important when dealing
with data sets of pipe bursts alone which is (at least in the UK) often the case. On the other hand
predictions from both models were not quite satisfactory when compared to the actual ones and
these could be due to the data being zero-inflated hence a possible extension to the models would
be to account for the extra number of zeros in terms of the failures.
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