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Overview of Presentation

1. Issue of sustainability of buried linear infrastructure (water distn)
e 2. Assessment why the situation is intensifying
* 3. Insights into the utility of Al to assist decision-making

e 4. Conclusions



1. Issue of Sustainability of Buried Linear
Infrastructure

e Urban infrastructure is one of the MOST IMPORTANT challenges
facing the world today

* 79% of the world’s urban population receives water via underground
water distribution systems (WHO, 2015)
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A “typical” N. American family spends ...

Now ask yourself the question: “If forced by your financial circumstances to give up
these services, how would you prioritize?”
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Pipe Failure

* Pipe failure may result in:
* |oss of revenue,

e deteriorated quality of water §
delivered to households,

* |oss of service, etc. e H e il mJ

Donalds




Background to Issue

* Asignificant percentage of the underground water distribution pipes were
installed in early to mid-20t" century and are now exceeding their expected

design life

* Situation in Canada
180 Billion S in buried infrastructure, of varying integrity

» Recent survey of water utilities - 49% of municipalities/utilities do not have a formal AMP
and make decisions reactively

* 83% of water utilities are interested in adopting AMP but only 51% have formal AMPs.

* some pipes were installed 200 years ago
* 41% of utilities report having no data on the condition of any of their pipes.

* Pipe failure across North America has increased by 27% in the last six years.

* In Canada, 60S billion is required to replace the nation’s drinking water
infrastructure currently in fair to very poor condition




2. Assessment why the situation is
intensifying: Pipe Failure rates increasing

1980 2000 2020

e Cast and Ductile Iron pipe failures
are increasing

* In North America, construction of
water distribution systems:

* 1) Pre-1900s;
e 2) 1900-1945; and
e 3) post-1945.

* These phases correspond with
periods of dramatic urban
population growth as well as
preferred pipe material.
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Toronto: Length of Mains by Install Year
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Regina: Length of Mains by Install Year
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Although age of a pipe alone is
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Each pipe type has a corresponding functional
life

* Majority of cast iron, ductile iron and asbestos cement pipes installed
at different periods, have different service lives

* Almost all Canadian utilities have begun to adopt plastic pipe
(predominantly PVC)
* but lifetime?

* Projected end-of-service at roughly the same time in the early 215t
century (AWWA 2012; Canada Infrastructure 2016; Folkman 2018).

* Pipe failure models — intended to identify which mains should be
replaced and when.



Public Capital Stock in Canada
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Changing roles of government (Mirza, 2007)



Toronto: Total Breaks per Year
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Toronto

* Toronto has 5580 km of drinking water pipe & approx. 55000 pipes

* Pipe age is not a sufficient predictor of failure (Kettler and Goulter
(1985) r = 0.1 between pipe age and watermain failure)

* Failure is a function of
* length,
e diameter,
* age,
* Pipe material,

* And the list goes on.....previous breakage, soil type, pressure, wall thickness,
CML, CP, slope, etc.
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Many alternative models exist

* Pipe failure prediction models — when likely to fail to assist in AMPs
* Data mining and Artificial Intelligence — both have value

 Basis - Build mathematical models using a “training” dataset that contains
inputs and outputs with the objective of accurately predicting outputs
associated with future data, and then evaluating on a new dataset.

* Computing power has shifted from a knowledge-driven approach to a data-
driven approach (Breiman 2001)

e Statistical approaches and machine learning algorithms - machine learning
models do not rely on assumed relationships between input and output

variables



Watermain Breakage

B Not Broken

Censored data are challenging to deal with, using Al
algorithms — how can models learn from?
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3. Insights into the utility of Al to assist
decision-making

* To allow valid representation of pipe failure potential

 Limited numbers of case studies (# of pipes and historic break
records)

* Often predict break frequency
* Limited investigations into unveiling ‘black box” models



* Examples of machine learning techniques
 ANN
 Random Forest
* Support Vector Machines
* Genetic algorithms,
* Gene Expression Programming
e XGBoost algorithms, etc.

* Models can be used to identify when individual
watermain failure is projected over time
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Examples of Machine learning models used to predict time to pipe failure
Failure rate predicted — which can be converted to time to failure.

Model | references

Harvey, McBean, and Gharabaghi 2014; Shirzad, Tabesh, and Farmani
Artificial Neural 20141; Aydogdu and Firat 2015; Kutytowska 2015%, 2017%; Snider and
Network McBean 2018; Kerwin and Adey 20191

Decision Trees Snider and McBean 2018

Support Vector Kalanaki and Soltani 2013%; Aydogdu and Firat 2015%; Shirzad, Tabesh,
Regression and Farmani 2014

Extreme Learning
Machine Sattar A., Ertugrul, O., Gharabaghi, B., McBean, E., Cao, J. 2017

=N 40 =5 Te10 1ol (1B Sattar, Gharabaghi, and McBean 2016
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Hidden layer activation function: Hyperbolic tangent
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Figure 8.4: Optimized cast iron artificial neural network architecture.



Models’ Tuning Parameters and Results

Machine

Learning
Algorithm Optimized Tuning Parameters Dataset
eta=0.608, Max Depth = 8, Gamma =
6, ColSample = 0.83, MinChild = 2,

XGBoost Training
subsample = 0.85, nrounds =159
Testing
Random mtryi=H]
Forest Training
Testing
size=8, decay=1.22
Artificial i
Neural
Network Training
Testing

Snider, B., and McBean, E., “Improving Time-To-Failure Predictions for Water Distribution
Systems Using Gradient Boosting Algorithm”, 1%t International WDSA, CCWI 2018 Joint

C

onference, Kingston, Ontario, Canada, July 23-25, 2018.

4,597

1,968

4,597

1,968

4,597

1,968

6.17

5.90

7.30

7.32

0.85

0.85

0.84

0.85

0.77

0.76



Variable Importance Analysis

XGBoost Variable Importance
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Snider, B., and McBean, E., “Improving Time-To-Failure Predictions for Water Distribution
Systems Using Gradient Boosting Algorithm”, 1%t International WDSA, CCWI 2018 Joint
Conference, Kingston, Ontario, Canada, July 23-25, 2018.




Some generalizations of findings

* Previous break date and date of install have biggest impact
* Pressure —hence relevance to future modeling
* Soil conditions not evident but may be due to lack of specificity

* Pressure transients? Traffic loading, weather data, soil moisture, pipe
depth.



4. Conclusions

* From “Out of Sight”, to “Top of Mind”, urban infrastructure is
recognized as a unique asset class

* The world needs a massive infusion of investment to sustain the
existing infrastructure and to provide for future (climate change,
aging, urbanization/ population)

 AMPs are essential — prediction of time-to-failure for individual
watermains is needed
e But, budgets are always going to be a limitation

« We need to be smart, to spend the money wisely and efficiently
 An informative structure is based on data mining
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4. Conclusions (cont’d)

* Financially constrained governments are embracing the concept of
public-private partnerships, although they add to future
liabilities(there is strong motivation for investors — PPP — but how to
make PPP work is still being assessed)

* PPP — hospitals, transportation, WWTP and treatment. PPP not a cure
for government debts

* ‘Smart’ assembly of information is rapidly occurring and methods for
incorporating this information can be very effective
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4. Conclusions

e Water security issues are some of the most important issues facing
the human population

e Our work is essential and we must be
‘smart’
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* Thank you

eQuestions?
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