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Abstract: Identification of water network pipes susceptible to failure is a demanding task, which requires a coherent
and extensive dataset that contains both their physical characteristics (i.e., pipe inner diameter, construction
material, length, etc.) and a snapshot of their current state, including their age and failure history. As water
networks are critical for human prosperity, the need to adequately forecast failure is immediate. A huge number of
Machine Learning (ML) and AI models have been applied, furthermore, only a few of them have been coupled
with algorithms that translate the failure probability into asset management decision support strategies. The latter
should include pipe rehabilitation planning and/or replacement scheduling under monetary/time unit constraints.
Additionally, the assessment of each decision is seldomly performed by developing performance indices stemming
from simulation. Hence, in this work, the outline of a framework, able to incorporate pipe failure detection
techniques utilizing statistical, ML and AI models with pipe replacement scheduling optimization and assessment
of state-of-the-art resilience indices via simulation scenarios, is presented. The framework is demonstrated on a real
world-based case study.
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1. Introduction

Managing the benefits of water systems in terms of optimal replacement strategies is a complex
and challenging task. Upon replacement, it must be ensured that certain technical and socioeconomic
specifications will not be impaired during the future system performance. We must also guarantee that
the overall resilience of the urban water system does not deteriorate over time and that the associated
costs remain as low as possible [1]. Therefore, the most common practice in the pipeline replacement
schedule is based on proper pipeline forecasting with respect to the identification of water leaks and
actual pipeline ruptures. In this manner, the ability of pipe break prediction models in reducing leakage
has been demonstrated on various occasions utilizing inexpensive approaches such as statistical models
and genetic programming [2], data-driven techniques [3], and data mining prediction systems [4]. The
models are easy to operate and do not require any knowledge of the physical fracture mechanisms of
the underlying pipes. On the contrary, this aspect depends on specific characteristics of the case studied
area. Specifically, their internal components are hard to identify and often remain unknown to the
stakeholders (since they require meticulous work in observing the pipe break process) [3].

With the recent developments in Machine Learning (ML) and Artificial Intelligence (AI)
techniques, setting up extremely cost-effective and fast models that predict the failure probability of
water pipes has become less intricate. Therefore, the obtained information helps to outline pathways
for the prioritization of pipe renewals. Such ML methods include, among others, integrating ML
imputation methods with survival analysis [5] and developing a ML system to ‘foretell” which water
mains have an increased breaking likelihood [6].

During the latest years, the number of ML techniques utilized in pipe failure detection and, hence,
their prioritized replacement, has significantly increased. Nevertheless, only a limited number of
studies has analyzed the performance of the resulting replacement strategy in accordance with data
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generated from Water Distribution Networks (WDN) simulation scenarios, operating under complex
water usage conditions [7].

To address this issue, this work explored two data driven ML models for predicting the pipe failure
probability, trained for a real WDN in Piraeus, Greece, where the pipe failures related characteristics of
each pipe (features in the ML notation) have been recorded, along with their break history. The trained
ML model is subsequently used to detect and sort pipes with high failure probability in the real world-
based case study of C-Town. The pipe characteristics database of C-Town model has been artificially
expanded to include the information of pipe construction material, by assuming the same feeder pipe
material distribution as the real network. The ML model is then deployed to predict the failure
probability of the C-Town pipes. The performance of various replacement strategies under varying
construction contract budgets is then validated under multiple simulation scenarios. Finally, the
conclusions are provided to effectively abridge the findings of this work.

2. Materials and Methods

2.1. Case studies: Mourati zone and C-Town

Mourati zone is located in Piraeus, a port city within the greater Athens urban area, in the Attica
region of Greece. It is essentially a District Metered Area (DMA), serving an area of 3.01 km?. It
comprises household consumers, sports facilities of important size (i.e., a football stadium, a municipal
natatorium, and an indoor basketball stadium), and many recreational facilities. Its pipe database, as
provided by the Athens Water Supply and Sewerage Company, includes 1640 pipes of external
diameters ranging from @50 to 900, manufactured from (i) gray cast iron, (ii) asbestos cement, (iii)
galvanized steel, (iv) straight seam steel, (v) PVC and (vi) polyethylene MRS100 (encoded arithmetically
in the range [1, 6]), with lengths ranging from 0.11 m to 2.06 km. The main pipes are mainly
manufactured from i, iv and ii, with percentages of 47%, 37% and 16%, respectively.

C-town [8] is based on a real-world medium sized network and consists of one reservoir, seven
tanks, 388 demand junctions, 429 pipes, eleven head pumps and four valves [three pressure relief valves
(PRV), one flow control valve (FCV)]. The EPANET network topology is displayed in Figure . A detailed
description of the network functioning is included in the work of Nikolopoulos et al. [9].

Since the C-town model does not include any pipe material information, it is assumed that the
main pipes are following the same materials distribution as the ones of Mourati zone. The remaining
pipes (secondary, tertiary) are assigned to a material by a random choice of uniform selection. The main
pipe probability per material and the resulting cumulative probability are depicted in Figure .

2.2. Training the pipe failure probability prediction models in Mourati Zone

The Mourati zone dataset is used to train two different ML models, namely (i) the Regression model
based on k-nearest neighbors (kNN-R), and (ii) the Decision Tree regression model (DTR). The models
are developed in Scikit-learn [10], a free software machine learning library for the Python programming
language, which provides simple and efficient tools for predictive data analysis.
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Figure 1. Network topologies of: (a) Mourati zone; (b) C-town benchmark EPANET model.
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Figure 2. (a) Probability of main pipes per material; (b) Cumulative probability of main pipes per material.
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The features of the dataset include: (i) the pipe material encoding; (ii) the main flagging (assigned
a value of 1 if the pipe is a main one, or 0 if the pipe is secondary or tertiary); (iii) the pipe external
diameter; (iv) the pipe length. The label indicates if the corresponding pipe is faulty (broken) or not,
with values of 1 and 0 respectively. Since the percentage of pipes that failed is only a small subset of the
dataset (~ 6%), this results in an unbalanced dataset. Hence, most of the ML models could ignore such
results or exhibit poor performance in the minority class. A widely accepted method of addressing these
issues is to oversample the minority class to create a balanced dataset. The most popular oversampling
technique is called Synthetic Minority Oversampling Technique (SMOTE) and is a method utilizing a
k-nearest neighbor algorithm to create synthetic data population [11]. The main advantage of SMOTE
approach is that new synthetic examples from the minority class are created that are plausible, i.e.,
relatively close to real examples from the minority class. A major drawback is that synthetic examples
are created without considering the majority class, resulting in ambiguous examples if there is a strong
overlap between the classes [12].

The SMOTE approach has been utilized in the present work, with the two ML models (kNN-R,
DTR) being trained in the oversampled dataset. Since the two models are regressive ones, they produce
real numbers (i.e., failure probabilities), which are subsequently converted to binary ones, through a
threshold value of choice (cut-off value equal to 0.3), treated as a hyperparameter. The final training
evaluation metrics are summarized in Figure, in terms of the respective ROC curves and heatmaps.
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Figure 3. (a) ROC curves and (b) heatmap of kKNN-R model; (c) ROC curve and (d) heatmap of DTR model.

e-Proceedings of the 5" EWaS International Conference, 12 — 15 July 2022, Naples, Italy.



560 Special Session 2: Assessing the resilience of critical
water infrastructure: planning for the unknown

2.3. Pipe replacement methodology and performance assessment

To conceptualize a strategy for pipe replacements in the network that employs the aforementioned
failure prediction models, we formulated a scheme as follows:

e The available budget for pipe replacements is distributed amongst a 5-year construction contract.

The contract is allocated to annual sub-contracts. The pipe attributes of length (L) and diameter (D)

are used as a proxy metric (C) in place of actual monetary cost to replace pipe i, using the equation:

C; = LD;? (1)

The available budget for the contract is assumed to be a proportion, i.e., 10%, 15% or 20%, of the
total replacement cost (3. C) for all WDN’s pipes, producing three contract cost levels.

o The pipes of the network are sorted by their respective failure probability, as predicted by each ML
model, so two different sets of strategies are examined. Combined with the three contract cost
levels, there are six discrete sets of annual schedules for pipe replacement.

e The annual schedule is formed at the start of the year from the set of pipes that accumulate the
annual construction budget. This set is replaced with new pipes, which are assumed to be failure-
proof until the end of the 5-year contract. Construction time is assumed to be negligible (i.e., does
not affect the WDN hydraulic operation).

The WDN operation is simulated using EPANET 2.2 [13], which facilitates pressure driven analysis
equations (PDA) to support simulation of pressure deficient conditions, which could result from pipe
failures [14]. As this is a probabilistic approach, a Monte Carlo scheme regarding pipe failures is
employed. Specifically:

¢ A global daily pipe failure probability is assigned to the WDN, assumed to be 0.0005/day. For each
pipe, this probability (F) is modified by the properties of length (L) and diameter (D) normalized
by dividing with the minimum pipe diameter in the WDN (D,,;,,), using the following equation
where both quantities are expressed in meters:

F = 0.0005 L b
o 1000 | D,y

)

e Anensemble of 100 realizations of the WDN hydraulic simulation, with a duration of 1825 days, is
formed. For each day and each pipe, a random probability of non-exceedance from the uniform
distribution is generated. If it is smaller than the probability of rupture of the pipe, the pipe breaks.
The same 100 realizations were used for all alternative strategies and budgets.

e For bursts in a specific daily step of the simulation period, we modify the network using the WNTR
[15] WDN python package, to split the pipe in two parts of equal length and introduce an emitter
(a device that simulates flow that discharges to the atmosphere, able to also simulate leakages)
between them. The emitter’s flowrate (q) is calculated from node’s pressure (p) and a burst
coefficient (b) as follows:

q = b\p ®)

The burst coefficient is calculated from the equation (4), where A is the area of the pipe’s cross-
section in m? and p denotes water density:

b = 0.754 F (4)
p

o This pipe burst is assumed to be fixed within the same day of the simulation, possibly affecting the
rest of the WDN, due to pressure deficient conditions. For the whole simulation period (i.e., all
instances of bursts), this tallies to a total unmet demand metric. If pipes that burst are in the
replacement schedule and the replacement has been already applied at the specific timestep of
burst, the unmet demand that occurs from this burst is tallied to another variable, i.e., unmet demand
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reduction. Another metric is formed, i.e., the unmet demand with the scheduling of pipe replacements,
calculated from unmet demand minus the unmet demand reduction.

e The performance of each realization is the ratio of unmet demand with the scheduling of pipe
replacements versus unmet demand, i.e., the reduction ratio of unmet demand.

e Finally, after assessing performance of the whole ensemble of realizations, for each of the six
discrete sets of annual schedules we compare results.

3. Results and Discussion

Results of the annual schedules are presented with box and whisker plots in Figure and Table . The
replacement strategy that utilizes the KNN-R ML model for identification is underperforming by mean
and median statistics for all budget levels compared to the strategies that utilize the DTR ML model.
However, the DTR-related strategies have greater uncertainty, as indicated by the increased bounds
and standard deviation. We can compare their performance with the truly random replacement of pipes
in the network: in that case, with a Monte Carlo scheme and many realizations, the expected outcome
would follow the budget level; replacing the 10% of pipes would -more or less- result in 10% reduction
of bursts, and thus 10% unmet demand reduction ratio compared to no replacements. The kNN-R
strategy (albeit in the limited pool of 100 realizations) seems to offer no benefit compared to a random
replacement schedule. On the contrary, there is an added value of using the DTR strategy, as it
systematically offers better than randomly expected performance. This advantage may be a product of
the better feature engineering of DTR ML method.

Table 1: Mean values, confidence intervals (CI), and other statistics of performance for each strategy and
replacement budget, from the 100 Monte Carlo realizations.

ML model kNN-R DTR

Budget 10% 15% 20% 10% 15% 20%
Mean 9.81% 14.62% 21.98% 14.33% 23.27% 31.47%
CI 50% 9.21% 13.55% 21.56% 14.36% 23.69% 32.18%
CI 95% 15.48% 20.52% 29.68% 20.58% 31.58% 38.53%
CI 5% 5.45% 9.96% 15.59% 7.16% 15.30% 22.03%
Max 21.93% 27.10% 34.12% 24.07% 36.81% 46.05%
Min 4.03% 8.78% 12.97% 2.36% 5.43% 14.92%
Range 17.90% 18.32% 21.15% 21.71% 31.38% 31.13%
Std 3.32% 3.59% 4.38% 4.02% 5.43% 5.55%
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Performance of replacement scheduling
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Figure 4: Performance of pipe replacement strategies and replacement budget.

4. Conclusions

In this work we present a novel coupling of ML prediction models for pipe bursts in WDNSs, with
strategies of replacement, assessing their performance with Monte Carlo hydraulic simulations, to
address uncertainty. We demonstrate the methodology by training the ML models with data from a
real-world system which lacks demand, supply, and control data (thus making a hydraulic simulation
infeasible) and assessing the replacement strategies in a synthetic WDN. This example case may not be
representative of the actual replacement scheduling in the real -world case. Nonetheless, it acts as an
early schematic prototype of a promising methodology, that aids water utilities to be proactive and
resilient regarding their asset management practices and enhances their toolbox for long-term strategic
planning and risk awareness.
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Abbreviations
Al Artificial intelligence
CI Confidence Intervals
DMA District Metered Area
DTR Decission Tree Regression
FCV Flow Control Valve
kNN-R k-Nearest Neighbors Regression
ML Machine Learning
PDA Pressure Driven Analysis
PRV Pressure Relief Valve
SMOTE Synthetic Minority Oversampling Technique
WDN Water Distribution Network
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