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EXECUTIVE SUMMARY

The past, the present and future conditions at the level of the asset can now be applied with digital twins to
solve key problems and meet objectives for a given water network. Aiming to address where, when, why and
how; the technological focus of this paper will be around the emergence of digital twin use cases where
combinations of data driven and physics based models are being used within cohesive workflows that have
been enabled through advancements in the respective platforms via cloud computing for increased scalability
and deploying against previously unavailable computing resources.

INTRODUCTION

The past, the present and future conditions at the level of the asset can now be applied with digital twins to
solve key problems and meet objectives for a given water network. A digital twin of a water network or plant,
in short is a virtual replica of a physical asset, updated in real-time via two-way data connection to represent
the live characteristics of a network or plant. Trust in these systems has reached a point where predictive alerts
actively support predictive responses to planned and emerging incidents with “What-if” scenarios, and even
inform the operation of networks with real-time Al recommendations. Figure 1 relates its application to common
network objectives to the time horizon on which the problems are solved. Aiming to address where, when, why
and how; the technological focus of this paper will be around the emergence of digital twin use cases where
combinations of data driven and physics based models are being used within cohesive workflows that have
been enabled through advancements in the respective platforms via cloud computing for increased scalability,
deploying against previously unavailable computing resources. Mitigating trade-offs between model types;
physics-based models and data driven models are ever more an ‘AND’ proposition instead of solely an ‘OR’.

HIGHLIGHTS
e The past, the present and future conditions at the level of the asset with analytics models.
e Trusted predictive decisions for incident management, reduction of water loss & energy.
e Combinations of data driven and physics based models within cohesive workflows.
e Mitigating trade-offs between model types via platform enabling scalability and compute power.

METHODOLOGY & TECHNOLOGY OVERVIEW

From data integration, analytics, visualisation through to the user’s interaction with the digital twin, data driven
and physics based models compose the analytics layer as outlined by SWAN’s (Smart Water Network Forum)
Digital Twin Architecture, shown in Figure 2.

Data Driven Models — Real-time Workspaces for End User & Predictive Al Recommendations:

A data modelling application with workspaces open to the end user’s expertise and unique data needs to inform
operational and network performance decision making. The cloud hosted applications, with an example
workspace shown in Figure 3 were designed to be utilised on a daily basis includes mapping, geospatially
located sensors, alert mechanisms and workspaces the user can build based on the needs of specific persona
types within an organization. Informed by a data modelling application, the platform allows users to establish
real-time direct connections over manual downloads & spreadsheet work, streamline & standardise their
network performance calculations & incorporate long term seasonality considerations and larger data sets into



their analysis. Data driven models have progressed to a point where predictive Al, utilising a form of Model
Predictive Controls (MPC) provide predictive recommendations and control schedules, shown in Figure 4 for
actuatable elements — an operational plan for how operators can run a given asset and at what setpoint to run
them (Abdul Gaffoor, 2020). The Al can abstract out any process schematic (Water, Wastewater network and
treatment plants) into a real-time predicative model that accounts for changes to weather, how the environment
changes, system changes — real time over a point in time (Abdul Gaffoor, 2020).

Predictive Physics Based Operational Models — “What-If” Incident Management:

Predictive decision support tools provide a future state of networks with a degree of trust for event detection,
demand forecasting, and network simulation to optimize pressure management areas (PMAs). Why a physics
based operational model? Sensors are not available in all parts of a network — visibility and understanding of
the network during an incident requires supplementation via these respective models. Figure 5 shows model
theming to indicate pressure gradients and areas of impact for affected customers due to a network incident.
The model includes asset data, live controls, automatic simulation settings and incorporates demand
predictions via machine learning utilising historic flows, weather forecasts and provides the user the ability to
evaluate “what if’ operational scenarios: What are the implications of changing a control within the system?
What valves to close for this incident? What areas of network to isolate to minimise disruption?

Figure 6 briefly describes how the user interacts with the data driven and physics-based models relative to the
time horizon in which they are conducting the analysis and addressing the respective problem/use case when
utilising the software.

USE CASES & OUTCOMES
The outlined technology was applied to the following successful use cases.

Australian Metropolitan City—Pressure & Incident Management, Reduction of Water Loss & Pipe Breaks

The deployment and implementation of a digital twin solution coupling data driven and physics based
operational models for optimised results and actionable decisions around key identified challenges as part of
the project included: Aging infrastructure causing pipe breaks as age related issues have been identified as
on the rise, proactive management for reduction of water loss with a NRW target of 10% for 2030, consistently
and consciously manage pressure transients and extreme pressure events with age related degradation of the
network occurs, reduce data overload of multiple data acquisition tools and system via improved data
organisation and consistency and address the dynamic between human knowledge of the network and what
can be stored and accentuated within the digital twin. User interactions with the software’s outputs include
having a real-time and predictive continuous map view of water network (flows, pressures, tanks levels, pumps,
PRVs, and PMAs/DMAs, etc.), simulate “what-if” interventions and user built workspaces with alerts based on
demand predictions from machine learning model and KPIs (i.e infrastructure leakage index ILI).

United Utilities, UK — Predictive Al Recommendations for real-time network optimisation

United Utilities conducted a pilot project to reduce energy use through pump optimisation, improve resilience
of network and increase visibility on the complex operational decisions being made based solely on human
judgement and experience. The Oldham District Metered Zone was selected for the study as it had relatively
high remote control capabilities and a high degree of instrumentation at sites (i.e flow meters, power meters at
pump stations, level sensors at service reservoirs (Abdul Gaffoor, 2019). The Oldham Zone, the 5" most
populated area in the Greater Manchester Region, supplies 55 MLD, services 19 DMAs, 5 of 10 pump stations
remotely controlled and 4 out of 10 service reservoirs monitored. Figure 7 shows an overview of data sources
ingested (SCADA, meters, billing, social media), Figure 8 shows how the Al platform interacts with the
components of United Utilities network. Table 1 provides a summary of return on investment of the minimum,
maximum and average savings scenarios for the 12-week study (Abdul Gaffoor, 2019).

CONCLUSION

The past, the present and future conditions at the level of the asset can now be applied with digital twins to
solve key problems and meet objectives for a given water network. Trust in these systems means critical
decisions are now being made with multiple kinds of analytical models. Combinations of data driven and
physics based models are being used within cohesive workflows that have been enabled through
advancements in the respective platforms via cloud computing for increased scalability, deploying against
previously unavailable computing resources. Utilities and Councils can now deploy and expose both physics
based and data driven models to more use cases and respective outputs from the models can be used by
multiple types of personas and stakeholders within a water organisation.
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Figure 1 relates the time horizons of past, present and future states of the network to common network
objectives and problems solved utilising digital twins.

New SWAN Digital Twin Architecture
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Figure 3: Workspaces, designed to be utilised on daily basis, are informed by a data modelling
application allowing users to establish real-time direct connections and scalability of analysis.
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Figure 4 Predictive Controls (MPC) provide i i ) .
predictive recommendations and control Figure 5 Operatlor}al interface for incident
schedules to meet operational objectives such management and impact assessment.

as energy use and chemical dosages.



Time Horizon, Models Utilised & User Interactions with Digital Twin
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Utilised on daily basis includes “What-if” operational scenarios: What are Pradictive recommendations aqd
mapping, geospatially located sensors, the implications of changing a control control schedules for Energy and
alert mechanisms and workspaces the within the system? What valves to close for Chemical Dosage reduction.

user can build based on the needs of
specific persona types within an
organization.

this incident? What areas of network to
isolate to minimise disruption?

Figure 6 shows how users interact with the data driven and physics-based models relative to the time
horizon in which users are conducting their analysis.
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Figure 8 Schematic of key elements of the Al

Figure 7 Data sources that informed the - \ LS
Platform utilised for the United Utilities study.

predictive Al model for the United Utilities study.

Table 1 Overviews the outcomes and benefits (Min, Avg, Max.)
demonstrated with United Utilities for the 12-week study.

Baseline Annual
Operational Cost (€) LR
Optimized Annual
Operational Cost (£) 192,326 180,148 125,823
Savings (%) 17% 22% 45%
Savings per Annum (£) 38,041 50,219 104,544
Normalized Savings
ML) 241 2.8 57

Payback Period 7 months 5 months 2 months



